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Foreword

As AI is increasingly being adopted into application solutions, the challenge of supporting interaction with humans
is becoming more apparent. Partly this is to support integrated working styles, in which humans and intelligent
systems cooperate in problem-solving, but it is also a necessary step in the process of building trust as humans
invest greater authority and responsibility in intelligent systems. Explainability poses challenges for many types of
AI systems, including planning and scheduling (PS) systems. For example, how should a PS system justify that a
plan or schedule is correct, or good, or respects supplied preferences? How can the PS system explain particular
steps, ordering decisions, or resource choices? How can a PS system explain that no solution is possible, or what
relaxations of the constraints would allow a solution? How can a PS system respond to questions like “what is the
hard part?” or “why is this taking so long?”. These are all difficult questions that can require analysis of plan or
schedule structure, analysis of the goals, constraints, and preferences, and potentially hypothetical reasoning.

While the wider area of explainable AI (XAI) has been mostly focused on explaining machine/deep learning
techniques, in the last two years explainable planning has received a growing attention, and a number of teams
started to explore this research area. This first workshop on explainable planning is a demonstration of this. XAIP-
18 has seen an excellent response in terms of submissions and participation. 13 papers have been accepted for oral
presentation, and the program is completed by an invited talk. These proceedings show that there is an intense
research activity around explainable planning and that explainable planning can play a key role and make important
contributions to the research agenda on explainable AI.

We would like to thank the authors who submitted their papers and all workshop attendees. Moreover, we
sincerely thank the program committee for their great work in reviewing the papers.

Daniele Magazzeni, David Smith, Pat Langley, Susanne Biundo
June 2018
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Invited Talk: Relating XAI (Explainable AI) to XAIP (XAI Planning)

David W. Aha
Naval Research Laboratory; Navy Center for Applied Research in AI; Washington DC

david.aha@nrl.navy.mil

Abstract

The DARPA Explainable AI (XAI) program is a high-profile
effort, among many, whose objective is to encourage research
on AI systems whose models and decisions are more ac-
cessible and transparent to users. Yet the common focus of
DARPA XAI’s 11 projects is machine learning; it could have
been called XML rather than XAI. Still, it is raising aware-
ness that AI researchers need to collaborate with social scien-
tists, and others, on the design and evaluation of XAI systems.
This also applies broadly to other XAI efforts, including those
of interest to the ICAPS community. In this talk, I’ll summa-
rize the objectives and status of DARPA XAI, emphasizing
some topics of interest to XAIP. I’ll also discuss/relate some
work on XAIP that has appeared at the IJCAI-17 XAI Work-
shop, or will appear at the upcoming IJCAI/ECAI-18 XAI
Workshop, which has a broad XAI focus (I.e., not limited to
ML).
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Human-Aware Planning Revisited: A Tale of Three Models

Tathagata Chakraborti and Sarath Sreedharan and Subbarao Kambhampati
Arizona State University, Tempe, AZ 85281 USA

{ tchakra2, ssreedh3, rao } @ asu.edu

Abstract

Human-aware planning requires an agent to be aware of the
mental model of the humans, in addition to their physical or
capability model. This not only allows an agent to envisage
the desired roles of the human in a joint plan but also antici-
pate how its plan will be perceived by the latter. The human
mental model becomes especially useful in the context of an
explainable planning (XAIP) agent since an explanatory pro-
cess cannot be a soliloquy, i.e. it must incorporate the hu-
man’s beliefs and expectations of the planner. In this paper,
we survey our recent efforts in this direction.

Cognitive AI teaming (Chakraborti et al. 2017a) requires a
planner to perform argumentation over a set of models dur-
ing the plan generation process. This is illustrated in Fig-
ure 1. Here, MR is the model of the agent embodying the
planner (e.g. a robot), and MH is the model of the human
in the loop. Further,MR

h is the model the human thinks the
robot has, andMH

r is the model that the robot thinks the hu-
man has. Finally, M̃R

h is the robot’s approximation ofMR
h ;

for the rest of the paper we will be using MR
h to refer to

both since, for all intents and purposes, this is all the robot
has access to. Note that the human mental modelMR

h is in
addition to the (robot’s belief of the) human modelMH

r tra-
ditionally encountered in human-robot teaming (HRT) set-
tings and is, in essence, the fundamental thesis of the recent
works on plan explanations (Chakraborti et al. 2017b) and
explicable planning (Zhang et al. 2017). The need for expli-
cable planning or plan explanations occurs when the models
– MR and MR

h – diverge so that the optimal plans in the
respective models may not be the same and hence optimal
behavior of the robot in its own model is inexplicable to the
human. This is also true for discrepancies betweenMH and
MH

r when the robot might reveal unrealistic expectations of
the human in a joint plan.

An explainable planning (XAIP) agent (Fox et al. 2017;
Langley et al. 2017; Weld and Bansal 2018) should be able
to able to deal with such model differences and participate
in explanatory dialog with the human such that both of them
can be on the same page during a collaborative activity.
This is referred to as model reconciliation (Chakraborti et
al. 2017b) and forms the core of the explanatory process of
an XAIP agent. In this paper, we look at the scope of prob-
lems engendered by this multi-model setting and describe

Figure 1: Argumentation over multiple models during the
deliberative process of a human-aware planner (e.g. robot).

the recent work in this direction. Specifically –

- We outline the scope of behaviors engendered by human-
aware planning, including joint planning as studied in
teaming using the human model, as well as explicable
planning with the human mental model;

- We situate the plan explanation problem in the context of
perceived inexplicability of the robot’s plans or behaviors
due to differences in these models;
- We discuss how the plan explanation process can be

seen as one of model reconciliation whereMR
h (and/or

MH
r ) is brought closer toMR (MH );

- We discuss how explicability and explanation costs can
be traded off during plan generation;

- We discuss how this process can be adapted to handle
uncertainty or multiple humans in the loop;

- We discuss results of a user study that testify to the use-
fulness of the model reconciliation process;

- We point to ongoing work in the space of abstractions and
deception using the human mental model.
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Background
A Classical Planning Problem is a tupleM = 〈D, I,G〉
with domain D = 〈F,A〉 – where F is a finite set of flu-
ents that define a state s ⊆ F , and A is a finite set of ac-
tions – and initial and goal states I,G ⊆ F . Action a ∈ A
is a tuple 〈ca, pre(a), eff±(a)〉 where ca is the cost, and
pre(a), eff±(a) ⊆ F are the preconditions and add/delete
effects, i.e. δM(s, a) |= ⊥ if s 6|= pre(a); else δM(s, a) |=
s ∪ eff+(a) \ eff−(a) where δM(·) is the transition
function. The cumulative transition function is given by
δM(s, 〈a1, a2, . . . , an〉) = δM(δM(s, a1), 〈a2, . . . , an〉).

This forms the classical definition of a planning problem
(Russell and Norvig 2003) whose models are represented in
the syntax of PDDL (McDermott et al. 1998). The solution to
the planning problem is a sequence of actions or a (satisfic-
ing) plan π = 〈a1, a2, . . . , an〉 such that δM(I, π) |= G.
The cost of a plan π is given by C(π,M) =

∑
a∈π ca

if δM(I, π) |= G; ∞ otherwise. The cheapest plan π∗ =
arg minπ C(π,M) is the (cost) optimal plan with cost C∗M.

In previous work (Nguyen et al. 2017) we introduced an up-
dated representation of planning problems in the form of an-
notated models to account for uncertainty or incompleteness
over the definition of a planning model. In addition to the
standard preconditions and effects associated with actions,
it introduces the notion of possible preconditions and effects
which may or may not be realized in practice.

An Incomplete (Annotated) Model is the tuple M =
〈D, I,G〉 with a domain D = 〈F, A〉 – where F is a finite
set of fluents that define a state s ⊆ F , and A is a finite set
of annotated actions – and annotated initial and goal states
I = 〈I0, I+〉, G = 〈G0,G+〉; I0,G0, I+,G+ ⊆ F . Ac-
tion a ∈ A is a tuple 〈ca, pre(a), p̃re(a), eff±(a), ẽff ±(a)〉
where ca is the cost and, in addition to its known precondi-
tions and add/delete effects pre(a), eff±(a),⊆ F each action
also contains possible preconditions p̃re(a) ⊆ F contain-
ing propositions that action a might need as preconditions,
and possible add (delete) effects ẽff ±(a) ⊆ F ) contain-
ing propositions that the action a might add (delete, respec-
tively) after execution. Similarly, I0,G0 (and I+,G+) are
the known (and possible) parts of the initial and goal states.

Each possible condition f ∈ p̃re(a)∪ ẽff ±(a) has a prob-
ability p(f) associated with it denoting how likely it is to
appear as a known condition in the ground truth model – i.e.
p(f) measures the confidence with which that condition has
been learned. The sets of known and possible conditions in
M are called Sk(Γ(M)) and Sp(Γ(M)). Here Γ is a map-
ping function that converts domain model conditions into
propositions in a meta space (Chakraborti et al. 2017b).

An instantiation of an annotated model M is a classi-
cal planning model where a subset of the possible condi-
tions have been realized – given by the tuple inst(M) =
〈D, I,G〉 with domain D = 〈F,A〉, initial and goal states
I = I0 ∪ χ; χ ⊆ I+ and G = G0 ∪ χ; χ ⊆ G+ respec-
tively, and action A 3 a = 〈ca, pre(a) ← pre(a) ∪ χ; χ ⊆
p̃re(a), eff±(a)← eff±(a)∪χ; χ ⊆ ẽff ±(a)〉. Given an an-
notated model with k possible conditions, there may be 2k

such instantiations, which forms its completion set.

The Likelihood L of an instantiation inst(M) of the an-
notated model M is given by –

L(inst(M)) =
∏
f∈Sp(Γ(M))∧Sk(Γ(inst(M))) p(f)

×∏
f∈Sp(Γ(M))\Sk(Γ(inst(M)))(1− p(f))

Such models turn out to be especially useful for the repre-
sentation and learning of human (mental) models from ob-
servations, where uncertainty after the learning process can
be represented in terms of model annotations as in (Nguyen
et al. 2017; Bryce et al. 2016). Let MR

H be the culmination
of a model learning process and {MR

hi
}i be the completion

set of MR
H . Note that one of these models – g(MR

H) – is the
actual ground truth (i.e. the human’s real mental model).

The USAR Domain
We will illustrate the algorithms in this paper in a typical
(Bartlett 2015) Urban Search And Reconnaissance (USAR)
tasks where a remote robot is put into disaster response op-
eration often controlled partly or fully by an external hu-
man commander who orchestrates the entire operation. The
robot’s job in such scenarios is to infiltrate areas that may be
otherwise harmful to humans, and report on its surroundings
as and when required / instructed by the external supervisor.
The external usually has a map of the environment, but this
map may no longer be accurate in the event of the disaster
– e.g. new paths may have opened up, or older paths may
no longer be available, due to rubble from collapsed struc-
tures like walls and doors. The robot (internal) however may
not need to inform the external of all these changes so as
not to cause information overload of the commander who
may be otherwise engaged in orchestrating the entire op-
eration. The robot is thus delegated high level tasks but is
often left to compute the plans itself since it may have a bet-
ter understanding of the environment. However, the robot’s
actions also contribute to the overall situational awareness
of the external, who may require explanations on the robots
plans when necessary. In general, differences in the models
of the human and the robot can manifest in any form (e.g.
the robot may have lost some capability or its goals may
have changed). In the current setup, we deal with differences
in the map of the environment as available to the human-
robot team, i.e. these differences can then be compiled to
differences only in the initial state of the planning problem
(the human model has the original unaffected model of the
world). This makes no difference to the proposed algorithms
which treat all model changes equally.

The USAR domain is also ideal for visualizing to non-
expert participants in comparison to, for example, logistics-
type domains which should ideally be evaluated by experts.
This became an important factor while designing the user
studies. The USAR domain is thus at once close to motion
planning as easily interpreted by non-experts but also incor-
porates typical aspects of task plans such as preconditions
and effects in terms of rubble removal, collapsed halls, etc.
and relevant abilities of the robot. As such, simulated USAR
scenarios provide an ideal testbed for developing algorithms
for effective human-robot interaction. Figure 2:B illustrates
our setup (https://youtu.be/40Xol2GY7zE).
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Figure 2: A mock USAR setting for studying the human-robot relationship in a typical disaster response team.

Human-Aware Planning Revisited
The human-aware planning paradigm introduces the mental
model of the human in the loop into a planner’s delibera-
tive process, in addition to the planner’s own model in the
classical sense and the robot’s estimate of the human model.

A Human-Aware Planning (HAP) Problem is given
by the tuple Ψ = 〈MR,MH

r ,MR
h 〉 where MR =

〈DR, IR,GR〉 is the planner’s model of a planning problem,
while MR

h = 〈DR
h , IRh ,GRh 〉 is the human’s understanding

of the same, and MH
r = 〈DH

r , IHr ,GHr 〉 is the planner’s
belief of the human’s capability model.

The solution to the human-aware planning problem is a joint
plan (Chakraborti et al. 2015) π = 〈a1, a2, . . . , an〉; ai ∈
{DR ∪ DH

r } such that δΨ(IR ∪ IHr , π) |= GR ∪ GHr . The
robot’s component in the plan is referred to as π(R) =
〈ai | ai ∈ π ∧ DR〉; and similarly π(H) for the human.
Efforts to make planning more “human-aware” has largely
focused on adapting π(R) to meet the demands of π(H)
such as in (Alami et al. 2006; 2014; Cirillo et al. 2010;
Koeckemann et al. 2014; Tomic et al. 2014; Cirillo 2010;
Chakraborti et al. 2015; 2016; Talamadupula et al. 2014;
Zhang et al. 2015) in the context of human-robot teams
where a robot sacrifices optimality in its own model in fa-
vor of globally optimal joint plans. From the perspective of
an XAIP agent, computation of the joint plan becomes more
interesting when consideringMR

h as well, i.e. how π(R) is
perceived by the human. One solution is to be “explicable”,
i.e. make the robot conform to what the human expects of it.

Explicable Planning
An “explicable” solution to the human-aware planning prob-
lem is a plan π such that (1) it is executable (but may no
longer be optimal) in the robot’s model but is (2) “closer” to
the expected plan in the human’s model –

(1) δMR(IR, π) |= GR; and

(2) C(π,MR
h ) ≈ C∗MR

h
.

Such a plan is referred to as explicable because the hu-
man can explain it in their current mental model. “Close-
ness” or distance to the expected plan is modeled here
in terms of cost optimality, but in general this can be
any metric such as plan similarity (Srivastava et al. 2007;
Nguyen et al. 2012). In existing literature (Zhang et al. 2017;
2016; Kulkarni et al. 2016) this has been achieved by modi-
fying the search process so that the heuristic that guides the
search is driven by the robot’s knowledge of the human men-
tal model. Such a heuristic can be either derived directly
(Kulkarni et al. 2016) from the mental model or learned
(Zhang et al. 2017) through interactions in the form of affin-
ity functions between plans and their purported goals. The
solutions generated this way satisfy the planner’s goal, as
required by Condition (1), but are also biased towards the
human’s expectations as required by Condition (2) above.

It is interesting to note that, while mental modeling allows
for human-awareness in the positive sense, it can also open
up pathways for deception. Indeed, recent work (Kulkarni et
al. 2018) has looked at how the concept of explicability can
be flipped to obfuscate a robot’s intentions.

Plan Explanations
The other approach would be to compute optimal plans
in the planner’s model (which may appear as inexplica-
ble to the human) and provide an explanation of that plan
in terms of the model differences – this is referred to
as the process of model reconciliation (Chakraborti et al.
2017b). Although explanation of plans has been investigated
in the past (c.f. (Kambhampati 1990; Sohrabi et al. 2011;
Seegebarth et al. 2012; Meadows et al. 2013)), much of that
work has involved the planner explaining its decisions with
respect to its own model (i.e. current state, actions and goals)
and assuming that this “soliloquy” also helps the human in
the loop. While such a sanguine assumption may well be
requited when the human is an expert “debugger” and is in-
timately familiar with the agent’s innards, it is completely
unrealistic in most human-AI interaction scenarios, where
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the humans may have a domain and task model that differs
significantly from that used by the planner. We posit then
that explanations should be seen as the robot’s attempt to
move the human’s model to be in conformance with its own.
The model reconciliation process thus forms the core of the
explanation process for an XAIP agent and is thus the focus
of the rest of the paper.

Our view of explanation as a model reconciliation process
is supported by studies in the field of psychology which stip-
ulate that explanations “privilege a subset of beliefs, exclud-
ing possibilities inconsistent with those beliefs... can serve
as a source of constraint in reasoning...” (Lombrozo 2006).
This is achieved in our case by the appropriate change in the
expectation of the model that is believed to have engendered
the plan in question. Further, authors in (Lombrozo 2012)
also underline that explanations are “typically contrastive...
the contrast provides a constraint on what should figure in a
selected explanation...” - this is especially relevant in order
for an explanation to be self-contained and unambiguous.
Hence the requirement of optimality, which not only ensures
that the current plan is valid in the updated model, but is also
better than other alternatives or foils (Miller 2017).

The model reconciliation viewpoint can explain many
phenomena in both explanation and transparency – e.g. the
fact that well-performing, efficient teams require less, not
more, explicit communication (Entin and Serfaty 1999) and
the characteristics of effective team debriefing (Tannenbaum
and Cerasoli 2013) after a mission or project.

The optimality criterion, and argumentation over the hu-
man mental model, makes the problem fundamentally dif-
ferent from model change algorithms in (Göbelbecker et al.
2010; Herzig et al. 2014; Eiter et al. 2010; Bryce et al. 2016;
Porteous et al. 2015) which focus more on the feasibility of
plans or correctness of domains.

The Model Reconciliation Process
The explanation process, in response to a plan π that the
robot has come up with and is perceived as inexplicable by
the human, begins with the following question –

Q: Why not a different plan π̂?

This questions can arise due to one or both of two causes –

- MR
h , i.e. the human’s approximation of the robot model is

wrong. Here, since it knows its own ground truth model,
the robot can use an approximation of the human mental
model (known unknown) to perform model reconciliation
so that both of them are on the same page.

- MH
r , i.e. the robot’s approximation of the human model

is wrong. The above approach would not work here since
the robot does not know what it does not know (i.e. the
real human model is an unknown unknown). However, if
the above approach fails to provide a satisfactory response
from the human, then the robot can conclude it must be
because of this and seek out more information to update
its understanding of the human model.

For the first case, the model reconciliation approach would
be to provide an (1) explanation or model update E such that

the (2) robot optimal plan is (3) feasible and at least as good
as the foil in the updated model, i.e.

(1) M̂R
h ←−MR

h + E ; and

(2) C(π,MR) = C∗MR ;

(3) δM̂R
h
(ÎRh , π) |= ĜRh ∧ C(π,M̂R

h ) < C(π̂,M̂R
h ).

The question can also be posed in the following form –

Q: Why plan π?

This, in essence, involves an implicit quantifier over all pos-
sible foils. Condition (3) above then must ensure that plan π
is now also optimal in the updated mental model –

(3) C(π,M̂R
h ) = C∗M̂R

h

.

In (Chakraborti et al. 2017b) we explore different model rec-
onciliation processes considering four characteristics –

R1. Completeness - Explanations of a plan should be able to
be compared and contrasted against other alternatives, so
that no better solution exists. We enforce this property by
requiring that in the updated human model the plan being
explained is optimal – i.e. Conditions (3).

R2. Conciseness - Explanation should be concise so that they
are easily understandable to the explainee. Larger an ex-
planation is, the harder it is for the human to incorporate
that information into her deliberative process.

R3. Monotonicity - This ensures that remaining model differ-
ences cannot change the completeness of an explanation,
i.e. all aspects of the model that engendered the plan have
been reconciled. This thus subsumes completeness and re-
quires more detailed explanations.

R4. Computability - While conciseness deals with how easy
it is for the explainee to understand an explanation, com-
putability measures the ease of computing the explanation
from the point of view of the planner.

A Minimally Complete Explanation (MCE) is the short-
est explanation that satisfies conditions (1) and (2).

A Minimally Monotonic Explanation (MME) is the
shortest explanation that is both complete and monotonic.

A Plan Patch Explanation (PPE) only includes (all the)
model updates pertaining to actions in the plan π.

A Model Patch Explanation (MPE) includes all the
model updates |MR ∆MR

h |.
The requirements outlined above are thus often at odds - an
explanation that is very easy to compute may be very hard
to comprehend (c.f. Table 1). A detailed account of these
explanations can be found in (Chakraborti et al. 2017b); we
will concentrate on MCEs for the rest of the paper.

Remark Note that during model reconciliation process,
the robot model need not be the ground truth. However, the
robot can only explain with respect to what it believes to
be true. This can, of course, be wrong and be refined itera-
tively through interaction with the human, as demonstrated
in a decision support setting in (Sengupta et al. 2017).
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Table 1: Requirements for different types of explanations.

Explanation Type R1 R2 R3 R4
Plan Patch Explanation 7 3 7 3

Model Patch Explanation 3 7 3 3
Minimally Complete Explanation 3 3 7 ?

Minimally Monotonic Explanation 3 3 3 ?

Remark We insisted that explanations must be compatible
with the planners model. If this is relaxed, it allows the plan-
ner to generate “explanations” that it knows are false and
deceive the human. In recent work (Chakraborti and Kamb-
hampati 2018), we have shown that participants in a study
were generally positive towards lying for the greater good
especially when those actions would not be determined by
their teammate, but is loath to suspend normative behavior,
robot or not, in the event that they would be caught in that
act (unless the robot is the recipient of the misinformation!).

Remark While in this line of work, we are concerned more
with the generation of the content of explanations rather than
the actual delivery of this information, there has been some
recent work to this end. Depending on the type of interaction
between the planner and the human, this can be achieved
by means of natural language dialog (Perera et al. 2016), in
the form of a graphical user interface (Sengupta et al. 2017;
Chakraborti et al. 2018b) or even in mixed-reality interfaces
(Chakraborti et al. 2018d; 2018c).

How to chose between Explicability/Explanations?
The two processes of explanations and explicability are in-
trinsically related in an agent’s deliberative process (c.f. Fig-
ure 5) – it can generate a explicable plan to the best of its
ability or it can provide explanations whenever required, or
it can even opt for a combination of both if the expected
human plan is too costly in its own model (e.g. the human
might not be aware of some safety constraints) or the cost of
communication overhead for explanations is too high (e.g.
limited communication bandwidth). In the following discus-
sion, we try to attain the sweet spot between plan explana-
tions and explicability during the decision making process.

From the perspective of design of autonomy, the explica-
bility versus explanations trade-off has two interesting im-
plications – (1) the agent can now not only explain but
also plan in the multi-model setting with the trade-off be-
tween compromise on its optimality and possible explana-
tions in mind; and (2) the argumentation process is known
to be a crucial function of the reasoning capabilities of
humans (Mercier and Sperber 2010), and now by exten-
sion of autonomous agents as well, as a result of these al-
gorithms that incorporate the explanation generation pro-
cess into the decision making process itself. General ar-
gumentation frameworks for resolving disputes over plans
have indeed been explored before (Belesiotis et al. 2010;
Emele et al. 2011). Other forms of argumentation (Russell
and Wefald 1991) has been aimed at meta-level reasoning of
resource usage or cost of solutions. Our work can be seen
as the specific case where the argumentation process is over
a set of constraints that trade-off the quality of a plan and

Figure 3: Balancing explicability and explanations in HAP.

the cost of explaining it. This is, in fact, the first of its kind
algorithm that can achieve this.

The result of a trade off in the relative cost of explicability
and explanations during the plan generation process is a plan
π and an explanation E such that (1) π is executable in the
robot’s model, and with the explanation (2) in the form of
model updates it is (3) optimal in the updated human model
while (4) the cost (length) of the explanations, and the cost of
deviation from optimality in its own model to be explicable
to the human, is traded off according to a constant α –

(1) δMR(IR, π) |= GR;

(2) M̂R
h ←−MR

h + E ;

(3) C(π,M̂R
h ) = C∗M̂R

h

; and

(4) π = argminπ { |E| + α× | C(π,MR)− C∗MR | }.
With higher values of α the planner generates plans that re-
quire more explanation; with lower α it will generate more
explicable plans. Thus, using this hyperparameter, an au-
tonomous agent can deliberate over the trade-off in the costs
it incurs in being explicable to the human (second minimiz-
ing term in (4)) versus explaining its decisions (first mini-
mizing term in (4)). Note that this trade-off is irrespective of
the cognitive burden of those decisions on the human in the
loop. For example, for a robot in a collapsed building during
a search and rescue task, may have limited bandwidth for
communication and hence prefer to be explicable instead.

Demonstration Figure 2:A illustrates a section of the en-
vironment where this whole scenario plays out. The orange
marks indicate rubble that has blocked a passage, while the
green marks indicate collapsed walls. The robot, currently
located at the position marked with a blue O, is tasked with
taking a picture at location marked with an orange O in the
figure. The external commander’s expects the robot to take
the path shown in red, which is no longer possible. The robot
armed with MEGA∗ has two choices – it can either follow the
green path and explain the revealed passageway due to the
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collapse, or compromise on its optimal path, clear the rub-
ble and proceed along the blue path. A video demonstration
can be viewed at https://youtu.be/Yzp4FU6Vn0M.
The first part of the video demonstrates the plan generated
by MEGA∗ for low α values. As expected, it chooses the blue
path that requires the least amount of explanation, i.e. the
most explicable plan. In fact, the robot only needs to explain
a single initial state change to make its plan optimal –

remove-has-initial-state-clear_path p1 p8

This is an instance where the plan closest to the human
expectation, i.e. the most explicable plan, still requires an
explanation. Moreover, in order to follow this plan, the robot
must perform the costly clear passage p2 p3 action
to traverse the corridor between p2 and p3, which it could
have avoided in its optimal plan (shown in green). Indeed,
MEGA∗ switches to the robot’s optimal plan for higher values
of α along with the following explanation –

add-has-initial-state-clear_path p6 p7

add-has-initial-state-clear_path p7 p5

remove-has-initial-state-clear_path p1 p8

What happens if the mental model is unknown?
The model reconciliation process described above is only
feasible if inconsistencies of the robot model with the hu-
man mental model are known precisely. Although we made
this assumption so far as a first step towards formalizing the
model reconciliation process, this can be hard to achieve in
practice. Instead, the agent may end up having to explain its
decisions with respect to a set of possible models which is
its best estimation of the human’s knowledge state learned
in the process of interactions. In this situation, the robot
can try to compute MCEs for each possible configuration.
However, this can result in situations where the explana-
tions computed for individual models independently are not
consistent across all possible target domains. Thus, in the
case of model uncertainty, such an approach cannot guaran-
tee that the resulting explanation will be acceptable. Instead,
we want to find an explanation such that ∀i π∗M̂R

hi

≡ π∗MR .

This is a single model update that makes the given plan
optimal (and hence explained) in all the updated domains
(or in all possible domains). At first glance, it appears that
such an approach, even though desirable, might turn out to
be prohibitively expensive especially since solving for a sin-
gle MCE involves search in the model space where each
search node is an optimal planning problem (Chakraborti et
al. 2017b). However, it turns out that the same search strat-
egy can be employed here as well by representing the hu-
man mental model as an annotated model (Sreedharan et al.
2018a). Condition (3) for an MCE now becomes –

(3) C(π, g(MR
h )) = C∗

g(MR
h

)

This is hard to achieve since it is not known which is the
actual mental model of the human. So we want to preserve
the optimality criterion for all (or as many) instantiations of
the incomplete estimation of the explainee’s mental model.
Keeping this in mind, we define robustness of an explanation
for an incomplete mental models as the probability mass of
models where it is a valid explanation.

Robustness of an explanation E is given by –

R(E) = ∑
inst(M̂R

h
) s.t.C(π,inst(M̂R

h
))=C∗

inst(M̂R
h

)

L(inst(M̂R
h ))

A Conformant Explanation is such that R(E) = 1.

This means a conformant explanation ensures that the given
plan is explained in all the models in the completion set of
the human model.

Demonstration. Consider now that the robot is located at
P1 (blue) and needs to collect data from P5 (c.f. Figure 2:C).
While the human commander understands the goal, she is
under the false impression that the paths from P1 to P9 and
P4 to P5 are unusable (red question marks). She is also un-
aware of the robot’s inability to use its hands. On the other
hand, while the robot does not have a complete picture of the
human’s mental model, it understands that any differences
between the models are related to (1) Path from P1 to P9;
(2) Path from P4 to P5; (3) Robot’s ability to use its hands;
and (4) Whether the Robot needs its arm to clear rubble.
Thus, from the robot’s perspective, the human model can be
one of sixteen possible models (one of which is the actual
mental model). Here, a conformant explanation for the opti-
mal robot plan (blue) is as follows (a demonstration can be
viewed at https://youtu.be/bLqrtffW6Ng) –

remove-known-INIT-has-add-effect-hand_capable

add-annot-clear_passage-has-precondition-hand_capable

remove-annot-INIT-has-add-effect-clear_path P1 P9

Note that conformant explanations can contain superflu-
ous information – i.e. asking the human to remove non-
existent conditions or add existing ones. In the previous ex-
ample, the second explanation (regarding the need of the
hand to clear rubble) was already known to the human and
was thus superfluous information. Such redundant informa-
tion can be annoying and may end up reducing the human’s
trust in the robot. This can be avoided by –

- Increasing the cost of model updates involving uncertain
conditions relative to those involving known precondi-
tions or effects. This ensures that the search prefers ex-
planations that contain known conditions. By definition,
such explanations will not have superfluous information.

- However, such explanations may not exist. Instead, we
can convert conformant explanations into conditional
ones by turning each model update for an annotated
condition into a question and only provide an expla-
nation if the human’s response warrants it – e.g. in-
stead of asking the human to update the precondition of
clear passage, the robot can first ask if the human
thinks that action has a precondition hand usable.

Thus, one way of removing superfluous explanations is to
engage the human in conversation and reduce the size of the
completion set. Consider the following exchange –

R : Are you aware that the path from P1 to P4 has collapsed?

H : Yes.

> R realizes the plan is optimal in all possible models.

> It does not need to explain further.
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A Conditional Explanation is represented by a policy
that maps the annotated model (represented by aMmin and
Mmax model pair) to either a question regarding the exis-
tence of a condition in the human ground model or a model
update request. The resultant annotated model is produced,
by either applying the model update directly into the cur-
rent model or by updating the model to conform to human’s
answer regarding the existence of the condition.

Note that in asking questions such as these, the robot is
trying to exploit the human’s (lack of) knowledge of the
problem in order to provide more concise explanations. This
can be construed as a case of lying by omission and can raise
interesting ethical considerations (Chakraborti and Kamb-
hampati 2018). Humans, during an explanation process, tend
to undergo this same “selection” process (Miller 2017) as
well in determining which of the many reasons that could
explain an event is worth highlighting. It is worthwhile in-
vestigating similar behavior for autonomous agents.

Anytime Explanations Since dealing with model uncer-
tainty can be computationally expensive, we relax the mini-
mality requirement and introduce an anytime depth first ex-
planation generation algorithm. This is explained in detail in
(Sreedharan et al. 2018a).

What if there are multiple humans in the loop?
While generating explanations for a set of models, the robot
is essentially trying to cater to multiple human models at the
same time. We posit then that the same approaches can be
adopted to situations when there are multiple humans in the
loop instead of a single human whose model is not known
with certainty. As before, computing separate explanations
(Chakraborti et al. 2017b) for each agent can result in situa-
tions where the explanations computed for individual mod-
els independently are not consistent across all the possible
target domains. In the case of multiple teammates being ex-
plained to, this may cause confusion and loss of trust, es-
pecially in teaming with humans who are known (Cooke et
al. 2013) to rely on shared mental models. Thus conformant
explanations can find useful applications in dealing with not
only model uncertainty but also model multiplicity.

In order to do this, from the set of target human mental
models we construct an annotated model so that the pre-
conditions and effects that appear in all target models be-
come necessary ones, and those that appear in just a subset
are possible ones. As before, we find a single explanation
that is a satisfactory explanation for the entire set of models,
without having to repeat the standard MRP process over all
possible models while coming up with an explanation that
can satisfy all of them and thus establish common ground
(Chakraborti et al. 2018c; Sreedharan et al. 2018b).

Demonstration We go back to our use case, now with two
human teammates, one external and one internal. A video of
the demonstration is available at https://youtu.be/
hlPTmggRTQA. The robot is now positioned at P1 and is
expected to collect data from location P5. Before the robot
can perform its surveil action, it needs to obtain a set of
tools from the internal human agent. The human agent is ini-
tially located at P10 and is capable of traveling to reachable

Figure 4: Hierarchical explanation generation approach.

locations to meet the robot for the handover. Here the exter-
nal commander incorrectly believes that the path from P1 to
P9 is clear and while the one from P2 to P3 is closed. The
internal human agent, on the other hand, not only believes in
the errors mentioned above but is also under the assumption
that the path from P4 to P5 is not traversable. Due to these
different initial states, each of these agents ends up generat-
ing a different optimal plan. The plan expected by the exter-
nal commander requires the robot to move to location P10
(via P9) to meet the human. After collecting the package
from the internal agent, the commander expects it to set off
to P5 via P4. The internal agent, on the other hand, believes
that he needs to travel to P9 to hand over the package. As
he believes that the corridor from P4 to P5 is blocked, he
expects the robot to take the longer route to P5 through P6,
P7, and P8 (orange). Finally, the optimal plan for the robot
(blue) involves the robot meeting the human at P4 on its way
to P5. Using MEGA∗-Conformant, we find the smallest
explanation, which can explain this plan to both humans –

add-INIT-has-clear_path P4 P5

remove-INIT-has-clear_path P1 P9

add-INIT-has-clear_path P2 P3

While the last two model changes are equally relevant for
both the agents, the first change is specifically designed to
help the internal. The first update helps convince the human
that the robot can indeed reach the goal through P4, while
the next two help convince both agents as to why the agents
should meet at P4 rather than other locations.

How to model human expertise?
Most of the above discussion has focused on generating ex-
planations in cases where both the human and the robot un-
derstands the task at the same granularity. Applying model
reconciliation without acknowledging the difference in the
level of “expertise” can lead to confusion and information
overload. Indeed, explanation generation techniques for ma-
chine learning systems have explicitly modeled this differ-
ence (Ribeiro et al. 2016; 2018).

In (Sreedharan et al. 2018c), authors have looked at ways
of generating explanations when the human has access to
only an abstract version of the model of the robot. Specif-
ically, they focus on state abstractions where the abstract
model was formed by projecting out a certain subset of state
fluents (Srivastava et al. 2016), though the principles are
likely to carry over to other types of abstraction as well (e.g.
temporal abstractions of the types discussed in (Marthi et al.
2007)). Since the abstract model may be logically weaker,
the human may incorrectly believe that an optimal plan sug-
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gested by the planner is suboptimal. When presented with
the plan π, the human can respond by either presenting a set
of foils F . In such cases, the explanation takes the form of
information about a set of state properties which when intro-
duced into the human model resolves or invalidates the set
of foils. Thus, the explanation can be uniquely represented
by a sequence of propositions ε = 〈p1, .., pk〉 as follows –

(1) A set of foils F = {π1, .., πm} such that ∀π ∈
F, δMR(IR, π) 6|= GR and δMR

h
(IRh , π) 6|= GRh

(2) An explanation ε = 〈p1, ..., pk〉, such that M̂R
h ←−MR

h + E ;

(3) ∀π ∈ F, δM̂R
h
(IRh , π) 6|= GRh

One of the main challenges with this method is the uncer-
tainty about the human model. To address this, the authors
build a lattice of possible models from the task model called
model lattice (L) as shown in Figure 4. The lattice consists
of possible abstractions of the concrete task model and an
edge exists between two models if there exists a single predi-
cate that can be projected from one model to create the other.
The foils are used to estimate the possible human model and
use this estimate to compute the explanations.

How do humans reconcile models?
The design of “human-aware” algorithms is, of course, in-
complete without evaluations of the same with actual hu-
mans in the loop. Thus, in the final part of this discussion,
we will report on the the salient findings from a controlled
user study we undertook recently in order to evaluate the
usefulness of the model reconciliation approach. A detailed
report of the study can be read at (Chakraborti et al. 2018a).

Experimental Setup For the study, we exposed the exter-
nal commanders interface (c.f. Figure 2:D) to participants
who, based on their map (which they are told may differ
from the robots) had to identify if a given plan (which may
be optimal in the robot model or explicable or even bal-
anced) looks optimal or satisficing to them. If the player is
unsure, they can ask for an explanation. The explanations
provided are one of the types described before.

Study-1 In the first set of experiments, participants as-
sumed the role of the explainer. It was found that, when left
to themselves, they generated explanations of the type MPE
or (if communication was restricted) MCE. Further, in sub-
jective responses, they considered model reconciliation as
necessary and sufficient for the explanation process.

Study-2 Here, participants assumed the role of the ex-
plainer, and had to identify, on the basis of explanations pro-
vided the quality of the given plan. We found that the partici-
pants were indeed able to distinguish between optimal plans
(when provided with MCEs or MPEs) and (perceived) sat-
isficing plans (when provided with PPEs) and were in gen-
eral overwhelmingly in favor of model reconciliation as an
effective form of explanation. We further found that expli-
cable plans indeed reduced the call of explanations, while
balanced plans preserved their outlook towards the explana-
tions while allowing the robot to trade-off its communication
cost with the optimality of its plans.

Figure 5: A subsumption architecture for HAP.

Work in Progress
So far we have have not considered differences in the cost
function which, though falls under the scope of model differ-
ences to be explained, can introduce interesting challenges
to the model reconciliation problem. It may be possible to
learn such functions through interactions with the human as
in (Zhang et al. 2017; Kulkarni et al. 2016). Further, we
have not modeled the computational capability of the hu-
man which also affect the process – this can be potentially
handled by modeling ε−optimal humans or by considering
top-K plans (Katz et al. 2018) while checking the optimality
condition during model space search. Finally, we do not con-
sider system level constraints (such as time and resources) in
the explanations which remain out of scope of explanations
viewed as a model reconciliation process.

Conclusion
The different behaviors engendered by multi-model argu-
mentation can be composed to form more and more sophis-
ticated forms of human-aware behavior. We thus conclude
with a hierarchical composition of behaviors in the form of
a subsumption architecture for human-aware planning, in-
spired by (Brooks 1986). This is illustrated in Figure 5. The
basic reasoning engines are the Plan and MRP (Model Rec-
onciliation) modules. The former accepts model(s) of plan-
ning problems and produces a plan, the latter accepts the
same and an produces a new model. The former operates in
plan space and gives rise to classical, joint and explicable
planning depending on the models it is operating on, while
the latter operates in model space to produce explanations
and belief shaping behavior. These are then composed to
form argumentation modules for trading of explanations and
explicability and human-aware planning in general.
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Abstract
Generating human-comprehensible explanations is an impor-
tant requirement for autonomous systems in human-agent
teaming environments. Humans and agents often have their
own knowledge of the world, knowledge of objectives being
pursued and tasks being performed, and their own constraints.
Given these differences, an agent may be issued goals that vi-
olate its own constraints or preferences, or are undesirable for
the team’s task. Numerous situations may arise where rebel-
lion by dropping or changing goals leads to a more beneficial
outcome. Agents with goal reasoning capabilities may rebel
by rejecting or altering the goals and plans expected of them
by human teammates. Explanations help build trust and un-
derstanding between the human and agent, leading to greater
overall effectiveness. In this paper we outline motivating ex-
amples for explainable rebellious behavior in goal reasoning
systems and identify open research questions.

Introduction
In recent years there has been increased interest in au-
tonomous agents capable of rebellion (Briggs and Scheutz
2016). Rebellious agents are agents that may reject, revise,
or in some form protest a goal issued to them by another
agent (including humans). This ability to rebel is neces-
sary for any agent that receives goals from multiple sources
(including self-provided goals) that may conflict. Consider
service robots that give tours or deliver goods (e.g., a hotel
room service robot); these agents should reject goals that
could lead to any number of undesirable situations, such
as those that damage the robot. Many positive reasons
for rebellion have been described (Aha and Coman 2017;
Briggs and Scheutz 2015), including:
• Differential Information Access: The agent may have

access to information the human does not have. A sim-
ple example is when an agent is helping a human to move
a box in a warehouse and, while carrying the object, the
agent observes a harmful obstacle behind the human. The
agent stops moving and informs the human, rebelling
against the given goal of moving the box to the target des-
tination.

• Oversubscription: The agent is tasked with goals from
two teammates, and thus may reject goals from one of
them. For example, an agent on a team is tasked by a su-
pervisor with obtaining information (by mapping an envi-

ronment and taking pictures and video) while other team
members are responsible for moving obstacles to clear a
path. When another agent asks the surveillance agent to
help move an obstacle, the agent may reject that goal since
it does not align with its current surveillance goal.

• Ethical Conflict: The agent has a conflict with the ethics
of a given goal. For example, an agent may be asked to
take a harmful action against another human, violating the
agent’s ethical code of not harming any humans. This may
involve hard constraints, such as not taking any action that
could have a harmful effect (Briggs and Scheutz 2015), or
a preference for avoiding states with low ethical scores.

• Impasse: A provided goal may not be achievable due to
resources (e.g., battery level) or obstacles.

• Task Violation: A provided goal may violate some global
constraints or preferences of the agent, such as delivering
a package to a destination outside the country or safe area.
These constraints may be similar to ethics, but may be
more task-specific.

• Safety: An autonomous vehicle may be given a goal to
reach a destination in a short period of time. However, the
plan to reach the destination could become dangerous. An
autonomous car may need to violate traffic laws or drive
off-road, or a drone may need to travel too fast to avoid
obstacles (i.e., if flying in a forest or indoor environments
such as in urban search and rescue settings).

While there are many motivations for positive rebellion,
it makes a rebel agent less predictable to other interact-
ing agents. Thus, any agent that can rebel should also be
able to explain its behavior. Indeed, legal measures are be-
ing adopted to provide individuals affected by automated
decision-making with a “right to explanation”, as referred
to in the recent EU General Data Protection Regulation
(GDPR), in place from May 2018 (European Parliament and
Council 2016).

The interpretability of AI systems has been a popular
topic of workshops and related events since 2016, and in
2017 DARPA launched the Explainable AI (XAI) Program.
Most of these efforts have focused on providing trans-
parency to the decision making of machine learning (ML)
systems in general, and deep networks more specifically1.

1Exceptions, for example, include the broader intent of the
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While XAI research on data-driven ML is well-motivated,
AI Planning is well placed to address the challenges of trans-
parency and explainability in a broad range of interactive AI
systems. For example, research on Explainable Planning has
focused on helping humans to understand a plan produced
by the planner (e.g., (Sohrabi, Baier, and McIlraith 2011;
Bidot et al. 2010)), on reconciling the models of agents and
humans (e.g., (Chakraborti et al. 2017)), and on explain-
ing why a particular action was chosen by a planner rather
than a different one (e.g., (Smith 2012; Langley et al. 2017;
Fox, Long, and Magazzeni 2017).

Most prior work on rebel agents considers how robots can
avoid hard ethical constraints, such as actions that may harm
self or others (Briggs and Scheutz 2015), or that violate a
constraint in a task specification when working alongside
a human (Gregg-Smith and Mayol-Cuevas 2015). These
agents have rebelled against actions that have harmful ef-
fects. Instead, we are concerned with agents equipped with
automated planners that may execute complex sequences of
actions to achieve goals.

Since rebellious goal reasoning agents are concerned with
decisions regarding which goals to pursue in addition to
planning decisions, explanations will also need to consider
goal reasoning decisions. Explaining such planning and goal
related decisions is the focus of this paper. More specifi-
cally, we motivate why the intersection of rebel agents and
explainable planning is an important research area, outline
future problems for explainable rebellious planning and goal
reasoning agents, and discuss several research questions that
require attention.

Related Work
Briggs et al. (2015) present an approach to determine the
speech directives a robot should utter when rebelling. They
describe five felicity conditions that must be met before a
robotic agent adopts a goal issued by a human. These con-
ditions may not be sufficient for automated planning agents
to accept or reject goals. For example, metrics are not con-
sidered, so there is no ability for an agent to reject a goal
because it would be much more expensive/risky/unsafe than
what the human may have assumed when issuing the goal.

To our knowledge, no prior work describes automated
planning agents that can reject goals and explain their de-
cision for rebellion. Research on goal reasoning (Vattam et
al. 2013) considers agents that can perform operations on
their goals, such as changing or dropping a goal via vari-
ous operations (Cox, Dannenhauer, and Kondrakunta 2017;
Cox 2016) and, in the formalism of the Goal Lifecycle, by
applying goal refinement strategies (Roberts et al. 2016).
However, in prior work these goal changes occur due to en-
countering unexpected external events or opportunistic sit-
uations, rather than rebelling against a provided goal. Cox
and Veloso (1998) describe goal transformations that occur
during plan generation in PRODIGY, where one of the trans-
formations is the dropping of a goal. Although rebellious
goal changes could be encoded in such an architecture (e.g.,

Workshops on XAI at IJCAI-17 and IJCAI-18

Figure 1: Top-down environment view for an autonomous
delivery drone. The environment contains the drone (Row 7,
Column 0), a package (Row 5, Column 0), a dropoff location
(Row 1, Column 8), and a body of water (rectangular region
between Row 2, Column 2 and Row 4, Column 5).

rebellion by dropping a goal could be considered a retrac-
tion operation as described in Table 1 in (Cox and Veloso
1998)), rebellious goal changes have not been considered or
implemented.

Real-world planning systems operate on large amounts of
data and can generate plans that overwhelm a human oper-
ator, especially when they are subject to severe time con-
straints for decision making (e.g., whether to abort a mis-
sion). Thus, methods for explaining decisions (e.g., by com-
paring multiple plans) must generate explanations that can
be quickly digested.

Motivating Example
We now provide a motivating example of a rebel agent op-
erating in a dynamic and uncertain environment. Figure 1
displays a top-down view of a state in an environment in
which an autonomous delivery drone operates (Row 7, Col-
umn 0). In this example, the agent controls the drone and
we use the two terms interchangeably. This state contains
a package (Row 5, Column 0), a dropoff location (Row 1,
Column 8), and a large body of water (a rectangular region
between Row 2, Column 2 and Row 4, Column 5). The
drone’s human operator provides it with goals and can com-
municate with it, but the operator is not physically located
in the area depicted in Figure 1. For this example, we as-
sume that the initial goal utterance provided by the operator
is “deliver the package to the dropoff location and return to
your initial position”.

In the simplest scenario, the drone would take the pro-
vided goal and generate the following plan (Figure 2): fly to
the package, pick up the package, fly directly to the dropoff
location, drop off the package, and fly directly to the initial
location. In this version, there would be little need for ex-
planation since the drone would achieve the specified goal
using an expected plan (i.e., flying directly between all loca-
tions). Additionally, since no unexpected events or environ-
ment changes occur, the drone would have no new informa-
tion to provide its operator.

Consider a variant of this scenario where the drone con-
siders flying over water to be dangerous but the operator is
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Figure 2: Visualization of drone’s plan to fly directly to the
package, pick up the package, fly directly to the dropoff,
drop off the package, and fly directly to its initial position.

Figure 3: Variant of the drone’s delivery plan that avoids
flying over the water.

not aware of this water-avoidance preference. The plan gen-
erated by the drone will still deliver the package, but will
take a slightly longer route that avoids the water (Figure 3).
If no pre-execution communication occurred (e.g., making
the operator aware of the preference or getting feedback on
the generated plan), the drone would execute the plan with-
out knowing that it was rebelling against the operator’s de-
sire for a plan that uses only direct flight routes.

Either during plan execution, if communication is possi-
ble, or during a post-mission debriefing, the operator may
ask questions to improve their understanding of why the
drone’s plan differed from their expectations:

• Operator: “Were you pursuing another goal?”
Agent: “No, only the goal you provided me”

• Operator: “Was that the most efficient plan to achieve
the goal?”
Agent: “Yes, it was the most direct route I could take to
deliver the package given my preferences”

• Operator: “Why didn’t you just fly over the water’
Agent: “Because flying over the water is too dangerous”

Based on these questions and the provided explanations,
the drone can convey that its act of rebellion was due to a
divergent set of planning preferences, thereby leading to dif-
ferences in the drone’s generated plan and the plan that the
operator expected to see executed.

Figure 4: Variant of the drone’s delivery plan that requires
replanning when the drone detects the fire (rectangular re-
gion between Row 3, Column 6 and Row 5, Column 9) and
when the drone detects it is low on fuel.

Consider a third variant where the operator is aware that
the drone prefers to avoid flying over water. In this variant,
the operator would expect the drone to fly around the water
but, because they are not physically located in the environ-
ment, would be unaware of any environment changes that
occur. As shown in Figure 4, when the drone reaches the
water’s edge it notices a large fire blocking its path to the
dropoff location. This would cause the drone to replan to fly
clockwise around the water. However, after delivering the
package to the dropoff location, the drone realizes its fuel is
lower than expected and its planner finds that the only feasi-
ble plan, due to the limited fuel, is to fly over the water.

To the operator, who is unaware of the fire, it may ap-
pear that the drone rebelled (against the expected plan or
provided goal) or opportunistically modified its goals. For
example, to an outside observer it would be reasonable to
assume that the drone retrieved another package at the loca-
tion where it detected the fire and delivered that package to
a location near the top of the water body. As in the previous
scenario, and most situations involving a rebel agent capable
of goal reasoning, the operator may wish to query the agent
about its goals and plans. For example, these questions, and
possible associated explanations from the agent, include:

• Operator: “Why did you stop flying towards the dropoff
location and fly clockwise around the water?”
Agent: “Because there was a large fire blocking my path”

• Operator: “Why did you return by flying over the wa-
ter?”
Agent: “Because I was low on fuel and my desire to re-
turn home outweighed my preference to avoid flying over
water”

• Operator: “Why didn’t you take a shorter path over the
water by flying directly north after detecting the fire?
Agent: “Because my original plan was to avoid the water,
but I used more fuel than expected and needed to replan”

As a final scenario, consider when the drone executes its
initial plan but an unexpected opportunity presents itself.
Figure 5 shows that the drone, while attempting to deliver
the package, observes a serious car accident. The drone may
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Figure 5: Variant of the drone’s plan when it encounters a car
crash (Row 3, Column 6) and generates a goal to assist the
victims by airlifting them to the hospital (Row 6, Column
9).

have a strong internal motivation to help preserve life when-
ever possible, so it would rebel against its delivery goal,
abandoning or suspending it, and instead formulate a new
goal to assist the crash victims. The drone would generate
a plan to achieve its new goal, and perform actions to airlift
the car’s driver to a nearby hospital2. Its new plan would
involve airlifting the car’s driver to a nearby hospital. Af-
ter completing that plan and achieving the goal, the extra
fuel drain from carrying a human would make the delivery
goal impossible, so the drone would return to its initial posi-
tion. The operator may have the following questions for the
drone:

• Operator: “Were you pursuing another goal?”
Agent: “Yes, I formulated a new goal to assist a car crash
victim”

• Operator: “Why did you help the victim instead of com-
pleting the delivery?”
Agent: “I am programmed to prevent the loss of human
life and the injuries looked serious.”

• Operator: “Why didn’t you complete the delivery after-
wards?’
Agent: “Because the weight of the victim drained my fuel
faster than normal; I was unable to generate a plan to
complete the delivery given my fuel level”

As this motivating example demonstrates, when an agent
operates in a sufficiently complex environment where it in-
teracts with a teammate, many opportunities/needs for ex-
planation arise. These increase when the agent and its team-
mate may have different (or unknown) planning preferences
(e.g., water-avoidance), methods to evaluate plan quality
(e.g., plan duration vs. plan safety), or observable informa-
tion (e.g., an agent located in the environment vs. an opera-
tor externally located). Additionally, the knowledge that an
agent can rebel or modify its own goals may make an op-
erator more likely to assume goal changes or rebellion are
the cause of unexpected behavior. Thus, the agent needs to

2This example assumes that a drone exists that could perform
such an airlift maneuver. This may be unreasonable for current-
generation drones, but is used for illustrative purposes.

answer such questions by explaining its plans and goals, as
well as any additional information related to the reason it
behaved unexpectedly.

We simplified the presentation and discussion of our ex-
amples by including assumptions, namely a lack of on-
line communication or time-sensitive tasks preventing rapid
communication, that restricted questions and explanations
to occur post-run. However, the need for explanation also
exists during the course of operation. For example, upon
seeing a real-time report of the drone’s GPS location, the
operator may ask questions about why the drone appears to
be deviating from expectations. Similarly, the drone could
realize that its changing behavior is unexpected and provide
proactive explanations that it believes will provide necessary
context to the operator. Although such real-time questions
and explanations could lead to unnecessary supervision of
the agent (e.g., questioning every minor variance from ex-
pectations, even if the differences have no impact on overall
success), they also provide the ability to incrementally cor-
rect misunderstandings and prevent the operator from be-
coming overwhelmed by how much the agent’s behavior
deviates from expectations. This is important in situations
where disuse is possible, since a human may just label a
robot as untrustworthy and stop using it rather than ask the
tens or hundreds of post-run questions necessary to under-
stand its behavior.

Explaining Goal Reasoning Decisions
The field of goal reasoning has seen at least three general
frameworks emerge: Goal-Driven Autonomy (GDA) (Mo-
lineaux, Klenk, and Aha 2010), the Goal Lifecycle (Roberts
et al. 2016), and Goal Operations and Transformations
(Cox, Dannenhauer, and Kondrakunta 2017; Cox and Veloso
1998). Explainable goal reasoning is an open problem which
we hope to motivate others in the community to pursue, and
has been identified as an important factor for goal reason-
ing agents that are members of human-robot teams (Molin-
eaux et al. 2018). Although there have been recent exam-
ples of goal reasoning agents being deployed as members of
human-agent teams in complex domains (Floyd et al. 2017;
Gillespie et al. 2015), these agents do not explicitly explain
their behavior to human teammates. We highlight the chal-
lenges and issues that may arise to create explainable goal
reasoning agents in each of these frameworks.

Explaining Goal-Driven Autonomy
• Explainable GDA agents will likely require not only a

general trace, but also explanations of components that af-
fect the pursuit of goals besides planning, including: mo-
tivator functions (Coddington et al. 2005; Muñoz-Avila,
Wilson, and Aha 2015), discrepancy detection (Dannen-
hauer, Munoz-Avila, and Cox 2016; Karneeb et al. 2018),
internal explanation (Molineaux, Kuter, and Klenk 2012),
and goal selection. A goal may be abandoned because dis-
crepancy detection (using informed expectations or goal
regression expectations) notices an anomaly. A logical
follow-up question is “what was the anomaly?” and
“why is the anomaly important?”. When it comes to ex-
plaining discrepancy detection and why an action failed,
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and why that action is important (especially if using goal
regression expectations) we may want to use a depen-
dency graph (Ayan et al. 2007) to demonstrate that a cer-
tain part of our goal cannot be reached if this action is not
performed.

• Since a human may ask why an agent formulated a new
goal g′, the agent may need to backtrack to the internal
explanation component (e.g., that the explanation is that
there is an obstacle), and then backtrack to the anomaly
detection (e.g., that action 7 of the current plan failed),
and then backtrack to the planning system to say “I (the
agent) chose this plan instead of others because it was
more efficient”.

Explaining the Goal Lifecycle
• The Goal Lifecycle is built on Goal-Task Network (GTN)

Planning and an open question remains about how to gen-
erate explanations from GTNs. Another open question is
whether the questions asked about GTNs differ from those
considers by existing work of explainable planning (Fox,
Long, and Magazzeni 2017).

• As goals are refined toward completion or backtracking
for later processing, a number of metrics (either domain-
dependent or domain-independent, like inertia) are main-
tained. An open question is how to use these metrics in
explanations? Another open question is whether the in-
formation maintained by the Goal Lifecycle during goal
refinement is enough to handle all the questions a user
would ask the system. If not, what other information
would be needed to answer these questions and how
would the formalism change to support this?

Explaining Goal Operations and Transformations
• Performing goal operations and transformations to re-

solve an unachievable goal to an achievable goal is an
open problem. Since goal operations are formulated sim-
ilarly to planning operations on world states, the trace of
goal operations could be stored. Only some goal oper-
ations have been formalized completely into operators,
and they make use of an ontology. Explanations of why
the agent chose to pursue goal g′ when the current goal
g is unachievable or undesirable may rely on explaining
relationships between goal predicates that are in the on-
tology. The example from (Cox, Dannenhauer, and Kon-
drakunta 2017), where the goal of on(B,A) is generated
when stable-on(B,A) is unachievable, has to do with the
fact that the on predicate is closely related to the stable-
on predicate in the goal predicate ontology.

Common Themes for Explainable GR Agents
• A trace of behavior will be needed to rewind decision

making in all three of these frameworks. The formal-
ism of the Goal Lifecycle contains some trace information
for explanations and the MIDCA cognitive architecture
from (Cox, Dannenhauer, and Kondrakunta 2017) main-
tains a trace of the cognitive level decision making which
includes some goal reasoning decision making: goal se-
lection, goal-related discrepancy detection, and internal

Figure 6: Multi-level overview of goal reasoning processes.

explanation. However, some goal operations, such as goal
transformation (one method of goal formulation) could
occur at the metacognitive level, thus warranting expla-
nations of the meta-level processes. Therefore, a trace
of the metalevel could identify the meta-level reasoning
processes performed by the agent and provide metalevel
explanations.

• Complex situations will call for human operators to desire
multi-level explanation mechanisms that at the top level
answer questions by first identifying which goal reasoning
mechanism(s) were involved and then exploring the de-
tails of those specific mechanisms. The space of explana-
tions for goal reasoning systems is likely much larger than
planning systems without goal reasoning components. A
preliminary multi-level overview of goal reasoning com-
ponents is presented in Figure 6.

The larger bubbles in Figure 6 represent more general ex-
planation requests, and smaller bubbles represent more
narrow requests. In attempting to learn why an agent
abandoned a goal, the operator may first ask a high-level
question of: “What caused you to abandon your goal?”.
The agent may give the high-level answer: “Because I
detected an unresolvable discrepancy”. To answer this
question, the agent may first start within the largest bub-
ble, Explainable Goal Reasoning, and answer with a re-
sponse tied to a bubble within that bubble: Explainable
Discrepancy Detection. When the operator asks a follow
up question “Why was the discrepancy unresolvable?”
the agent may first identify this question falls within the
Explainable Discrepancy Detection bubble and generate
an answer related to the inner bubble Explainable Depen-
dency Graphs: “I could not achieve my goal because I
could not execute a specific action that achieves a spe-
cific goal condition”. This example illustrates that expla-
nations may be relevant to different goal reasoning pro-
cesses. Before answering a question effectively, an agent
may need to identify which goal reasoning components
are relevant to the question.
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Discussion
In the case where the agent rejects a goal, the agent needs
to show (to the extent that is possible) that it could not find
any way to achieve that goal without violating one of the
conditions. And this is where explainable planning, and in
particular the use of planning, comes into play. Given that,
in general, it is not feasible to formally prove that there are
no plans, the agent and the user can use the explainable plan-
ning framework (XAIP) (Fox, Long, and Magazzeni 2017)
to provide a justification/understanding of why the agent re-
belled.

The XAIP framework in this context can be used in two
ways:

1. The rebel agent uses the XAIP framework itself, by ques-
tioning the current plans (that is not valid) and exploring
alternative plans.

2. The agent and the human (or the other agent) use XAIP
in cooperation, where the human questions the initial plan
(trying to find feasible ways to achieve the goal).

In both scenarios, we envision XAIP being used both during
and after scenarios (i.e., online vs. post-run debriefing).

Open Questions for Explainable Rebel Agents
1. Explainable rebellion: How can rebel agents explain why

the rejected actions violated their ethical models (e.g., for
example rejecting actions that cause harm)? Also, how
can rebel agent explain why they chose one goal over an-
other when using a metric-based evaluation (e.g., this may
involve reporting that states needed to reach the goal or
goal states themselves have low ethical scores)?

2. While there has been some work on implementing goal
operations in various frameworks, an agent with all pos-
sible goal operations and goal strategies has not yet been
realized. Two open problems are: How can each goal
operation / strategy be explained? and in the case when
multiple goal reasoning operations / strategies have been
applied How can multiple explanations be composed in a
digestible way?

3. Will explainable goal reasoning agents in complex do-
mains with complex reasoning components run into po-
tential space problems? Might some questions warrant
explanations that are just too expensive to compute? For
example, suppose an agent has executed hundreds or
thousands of actions since the last time the operator in-
teracted with the agent to give it a goal. During that time,
the agent’s goal may have changed multiple times due to
anomalies (e.g, the goal was suspended, another goal cho-
sen, then later the original goal was re-adopted but the
old plan was invalid so agent did re-planning). Whenever
the agent changes goals or plans, how many alternative
plans should it store to provide evidence of its decisions?
Or should the agent save computational and storage time
by only computing information needed for explanations
when necessary (e.g., when a question is asked)? How
does the tradeoff between maintaining complete expla-
nation knowledge and lazy on-demand explanation gen-
eration impact the amount of time necessary to generate

explanations (i.e., precomputed explanations vs. dynam-
ically generated explanations)? Does the particular do-
main impact these choices (e.g., the agent’s available on-
board hardware resources, time-sensitive nature of expla-
nations, expected explanation needs of a particular user)?

Conclusion
An agent’s behavior may be the result of changes to both
the agent’s goals and plans. Thus, an agent that can mod-
ify its plans or goals, and also reject plans or goals from
teammates, requires increasingly sophisticated methods of
explanation. In this paper, we have discussed why expla-
nation is an important factor for rebellious goal reasoning
agents and why explainable planning is a key consideration
for such agents. In addition to a motivating example illus-
trating the potential explanations that may be required of
such an agent, we have also examined the explanation needs
of existing goal reasoning frameworks and many of the open
questions that remain. As goal reasoning agents are deploy-
ing in increasing complex domains as part of human-agent
teams, we hope this discussion will motivate the develop-
ment of explanation capabilities in goal reasoning agents.
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Abstract
We introduce a novel framework to formalize and solve trans-
parent planning tasks by executing actions selected in a suit-
able and timely fashion. A transparent planning task is de-
fined as a task where the objective of the agent is to com-
municate its true goal to observers, thereby making its inten-
tions and its action selection transparent. We formally de-
fine and model these tasks as Goal POMDP’s where the state
space is the Cartesian product of the states of the world and a
given set of hypothetical goals. Action effects are determinis-
tic in the world states of the problem but probabilistic in the
observer’s beliefs. Transition probabilities are obtained from
making a call to a model–based plan recognition algorithm,
which we refer to as an observer stereotype. We propose an
action selection strategy via on–line planning that seeks ac-
tions to quickly convey the goal being pursued to an observer
assumed to fit a given stereotype. In order to keep run–times
feasible, we propose a novel model–based plan recognition
algorithm that approximates well–known probabilistic plan
recognition methods. The resulting on–line planner, after be-
ing evaluated over a diverse set of domains and three differ-
ent observer stereotypes, is found to convey goal information
faster than purely goal–directed planners.

Introduction
Understanding the intentions and plans of agents, humans or
otherwise, has been identified as crucial in key AI research
areas such as intelligent user interfaces, dialogue in natural
language, cooperation in multi–agent systems, and assisted
cognition (Carberry 2001; Cohen, Perrault, and Allen 1981;
Pentney et al. 2006; Yang 2009) and substantial litera-
ture exists proposing several different formal and compu-
tational frameworks (Avrahami-Zilberbrand and Kaminka
2005; Geib and Goldman 2009; Ramirez and Geffner 2010).

On the other hand, the complementary problem of as-
sisting an observer to determine the goal being pursued,
has received less attention (Chakraborti et al. 2017). Infor-
mally, and from the perspective of model–based approaches
to planning and plan recognition, this is a problem of plan-
ning – seeking actions – under specific constraints or in re-
sponse to feedback obtained from the observer. In turn, the
ability of autonomous systems to generate behaviour that
is, according to some measure of efficiency, easy to inter-
pret is identified as a critical and complementary component

This paper has been published at AAMAS 2018

Figure 1: Shows a person, A, walking in a corridor who must
avoid a collision with a second person, B. Two possible paths
are shown for person A.

to robust intention recognition in human–in–the–loop sys-
tems and joint human–robotic teams operating in dynamic
environments. Existing approaches reformulate the planning
model used by the acting agent (actor) in a way that is bene-
ficial to the agent that observes (observer). Chakraborti et
al (2017) propose a framework for Model Reconciliation
that aims to elicit changes on-line in planning models so
that the cost optimal plans pursued by the actor match those
considered by the observer. Moving the focus away from
the dialogical dimension of the problem, Keren et al (2014)
Goal Recognition Design aims at redesigning the environ-
ment where plans are executed to guarantee that the degree
of ambiguity in optimal plans for a given set of goals is
bounded. Interestingly, recent work (Masters and Sardina
2017) aims at exploiting inherent ambiguity in the structure
of the environment to delay the identification of goals. In
this paper we present a formal and computational framework
for transparent planning, when on–line co–ordinated or off–
line model reformulation is not suitable or possible. We for-
malize the problem and model it using the Goal POMDP
framework (Kaelbling, Littman, and Cassandra 1999), and
the Functional STRIPS language to describe states and ac-
tions (Geffner 2000; Bonet and Geffner 2000). The goal
pursued is then a constraint on the posterior probabilities
that the observer assigns to a set of hypothetical goals, so
that the actual goal is the best predictor for the actions ex-
ecuted up to a given point in time. We propose an on–line,
polynomial and approximate algorithm to select actions, that
embeds a model–based plan recognition algorithm to pro-
cedurally determine the Goal POMDP transition probabili-
ties required to track the progression of beliefs. We evalu-

19



Figure 2: Shows the change in the beliefs of an observer in response to the actions it observes the actor executing. Time flows
left to right. The beliefs are shown in the graphs at the base of the figure. Next to each action is a diagram illustrating the state
following that action.

ate the resulting planner over several domains, which in this
work are restricted to actions whose effects over state vari-
ables modelling the environment are deterministic. The re-
sults obtained indicate that the proposed scheme, accelerates
the convergence of the observer’s beliefs towards a probabil-
ity distribution with the desired properties, and is robust with
respect to the assumptions made on the posterior used by the
observer to interpret observed actions.

Motivation
It is important in robot-human co-operative teams that each
member knows the intentions and roles of their collaborators
(Stubbs, Wettergreen, and Hinds 2007). In this paper we fo-
cus specifically on how an agent may communicate its goals
to its fellow teammates. An obvious method of achieving
this is to have the agent explicitly transmit all relevant infor-
mation to observing agents. This can be achieved through
some form of communication protocol, such as, when the
observer is human, a computer screen or through natural lan-
guage. Unfortunately this solution is not as straight-forward
as it seems. When the observing agent is human, the internal
state of an acting agent must be distilled in such a way that
the information relevant to humans is accessible. However,
what is accessible may depend on the human. Issues with
training, language and culture will affect whether they can
correctly comprehend any communication.

An explicit communication protocol requires that both
communicating parties understand the protocol in its en-
tirety. Transparent Planning represents a method for com-
municating information implicitly by acting in a way which
is recognizable to observers. In comparison to explicit com-
munication methods this form of implicit communication
only requires that there is agreement regarding what con-
stitutes natural behaviour, rather than a complete protocol.

We can see transparent planning used in human-human
collaboration especially in cases where there is no shared
communication protocol such as between an adult and a
toddler (Warneken and Tomasello 2006). In the work by
Warneken et al. (2006) an adult executes actions, which are
chosen because they indicate what the adult is attempting
to achieve, to communicate to an observing toddler. In this
case the toddler does not yet understand languages but can

interpret the intentions of the adult by reasoning about its
actions, and then it may choose to assist.

In cases where there is an established communication pro-
tocol, there is also the problem of communicating over a
channel. The form of this channel greatly changes the dif-
ficulty of the communication. For instance, if we take the
example of a human supervising a team of robots, it is clear
that if each of the robots was audibly broadcasting its inten-
tions, the human would be unable to process the barrage of
information. Communicating by acting transparently mostly
uses a visual communication channel which, whilst subject
to its own set of problems, will be useful in cases where
other channels are intractable, as in the above example.

Illustration Figure 1 shows a situation in which two peo-
ple in a corridor must navigate around each other in order
to pass. For a successful solution each human must know
which side the other will pass on. In this case A has decided
that they will pass B on the their right-hand side. It is im-
perative that B understand A’s intention to avoid a collision.
Two possible paths are illustrated in Fig. 1 from which A
may choose. The blue path clearly communicates A’s inten-
tions in advance of a possible collision, while the red path
does not. In situations like this, humans do not generally
broadcast their intentions audibly to other humans but in-
stead act transparently, as in this example by moving to the
decided side early on in their plan. We seek to produce this
behaviour in human-robot collaborations.

In this work we do not require that the agent who is acting
transparently commits to achieving its goal and communi-
cating it simultaneously. The actor’s objective is to commu-
nicate its goal as efficiently as possible regardless of how
far this might remove the actor from the goal. We wish to
have the planner use actions as the vocabulary for describ-
ing its intentions rather than for their true effects. For ex-
ample in Figure 2 we can see the interaction of a human
and a robot over time. The robot is planning in the BLOCKS
WORDS domain (Ramirez and Geffner 2009), in which the
robot must assemble alphabet blocks into a goal configura-
tion by picking them up and putting them down. The set of
possible goals G consists of two words: BASH and HABS.
The robot’s goal is BASH. The initial state can be seen on
the far left of Figure 2. The optimal action for both goals is
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to pick up H and then put it on the table, but if the actor ex-
ecutes these actions the observer will only see a partial plan
that is equally good for both goals. So instead it picks up
S which only occurs optimally in plans to achieve the word
BASH at t0. It then composes the word ASH on top of the B.
This clearly conveys the goal of the actor very rapidly as can
be seen by the graphs at the bottom of the figure indicating
the beliefs of the observer. Once the actor has written ASH
it can do no more with its limited vocabulary and therefore
un-stacks A as that is its only available action. At this point
we may assume that an observer will have gauged the goal
of the actor already and the actor may, therefore, act towards
achieving the goal. If the actor assumes that the observer is
not convinced it may instead again stack A on top of S, in
an attempt to convey its goal with a limited vocabulary. This
behaviour is reminiscent of that required by the adults in the
research by Warneken et al. (2006), in which an adult repeat-
edly knocks into a closed cupboard to indicate to a toddler
that it intended to place an object into the cupboard.

Related Work
The literature combining plan recognition and automated
planning generally focuses on recognizing the intentions of
exogenous agents and then acting in response to those inten-
tions (Freedman and Zilberstein 2017), this work in contrast
focuses on what an observer would gauge from observing
the agent under our control. Much of the literature consid-
ering the effects actions have on the mental model of ob-
servers has been focused in the area of human-aware plan-
ning (Alami et al. 2006), in particular in the area of plan
explanation. Chakraborti et al. (2017) considered plan ex-
planation by taking into account differences between the ac-
tor’s action model and the actor’s model assumed by the hu-
man. They formulated a method for reconciling the human
and robot action models by suggesting changes to the human
model. In contrast, we do not intend to change the human ac-
tion model but to generate the most unambiguous behaviour
given an observation model. Zhang et al. (2017) also con-
sidered the difference between the actor’s action model and
the human’s. They use this difference to produce plans ex-
pected by a human who has full knowledge of the goal of
the actor, bypassing the need to explain actions. We produce
plans without assuming the observer knows the actor’s goal,
we instead select actions to communicate this goal to the
observer.

We take direct inspiration from Keren et al. (2014) work
on Goal Recognition Design, where a point is made that even
if actors plan optimally, it may still be difficult to identify the
goal being pursued in a timely fashion. From this observa-
tion, we note that seeking a plan which is not necessarily op-
timal may allow an agent to convey its goal more efficiently.

An orthogonal work to the focus on explaining ac-
tions and, more generally, directing observers towards the
goals that motivate plans, recent work by Masters and Sar-
dina (2017) explores the active manipulation of observers’
beliefs, proposing algorithms to produce deceptive plans in
the path–planning domain. We manipulate beliefs too, but
with the exact opposite intent and over general planning
models.

Finally, this work is inextricably linked to the notion of
model–based, probabilistic plan recognition (Ramirez and
Geffner 2010). Transparent Planning internalizes this idea
and uses it as an element of the planning model, so the evolu-
tion of observer beliefs over time is accounted for explicitly
while seeking actions and plans.

Planning over Goal POMDPs
Goal POMDPs (Partially Observable Goal MDP) are a
well–known framework (Kaelbling, Littman, and Cassan-
dra 1999) for agents that have incomplete state informa-
tion and receive indirect evidence of the actual state of the
world via sensors or by their own reasoning. In this pa-
per we mostly follow Bonet & Geffner’s (2013) presenta-
tion of Goal POMDPs and define them as a tuple M =
〈S, b0, bG, A, tr, c,Ω, q〉 whose elements are as follows. S
is a non-empty, discrete and finite state space. b0 is the ini-
tial belief state, a probability distribution P (s) over every
s ∈ S, representing the probability that the agent is in state
s. We seek actions that transform b0 into a new belief state
in which the set of constraints on the state probabilities, bG,
is satisfied. The set of actions that an agent may execute in a
state, s, is given by the function A(s) and c(a, s) is the cost
of performing action a in s, which is a positive real number.
tr is the state transition function and tr(s′|s, a) gives the
probability that the agent will transition into state s′ after
performing a in s.

Feedback from sensors consists of a finite set of obser-
vation tokens Ω. The probability of a token, ω ∈ Ω, being
obtained having performed action a in state s is given by the
sensor model q(ω|s, a).

A common way to solve POMDPs is to formulate them as
completely observable MDPs over the belief states of the
agent (Astrom 1965; Sondik 1978). While the effects of an
action will have on a state may not be exactly predicted, the
effects of actions on belief states can. Formally, the belief ba
that results from doing action a in belief b, and belief bωa that
result from observing ω after doing a in b, are:

ba(s) =
∑

s′∈S
tr(s′|s, a)b(s′) , (1)

ba(ω) =
∑

s∈S
q(ω|s, a)ba(s) , (2)

bωa (s) = q(ω|s, a)ba(s)/ba(ω) if ba(ω) 6= 0. (3)

As a result, the partially observable problem of going from
an initial state to a goal state is transformed into the com-
pletely observable problem of going from one initial belief
state into a goal belief state. We also note that MDPs where
tr(s′|s, a) > 0 for exactly one state s′ map directly onto de-
terministic state models (Geffner and Bonet 2013).

We use the Functional STRIPS (Geffner 2000) language
to describe declaratively states and transitions, as Ramirez
and Geffner (Ramirez and Geffner 2011) did, for the do-
mains discussed in the Evaluation Section. Out of the full
expressiveness of Functional STRIPS we only use a subset,
we note the features required by our benchmarks next. State
variables X have their domains to be either Boolean, and
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hence modeling the truth value of some arbitrary atomic for-
mula, or a subset of N with small cardinality. S then corre-
sponds to the set of possible valuations of X , and the value
of x on state s is noted as [x]s. Actions are described by
a precondition list, Pre(a), which is a list of literals of X ,
and an effect list, Eff(a), which is a list of updates of the
form x := > or x := ⊥, where x is a variable with Boolean
domain.

We refer the reader to (Francès and Geffner 2015)
and (Bonet and Geffner 2001) for more detailed accounts
of Functional STRIPS, and its extensions to deal with prob-
abilistic effects and partially observable states, respectively.

Probabilistic Plan Recognition
A probabilistic plan recognition problem (Ramirez and
Geffner 2010) is a tuple T = 〈X , A, I, G, O, Prob〉 where:

• X and A are a set of Functional STRIPS variables and
actions describing a planning domain,

• I ∈ 2X is an initial state,
• G is a set of candidate goal formulae from which a goal

will be chosen,
• O is an observation sequence,
• Prob is a prior probability distribution over G, which

represents previous knowledge of the likelihoods of each
goal.

We note that T can be also defined over a plan library
(Avrahami-Zilberbrand and Kaminka 2005; Geib and Gold-
man 2009), which is a set of sequences of actions π =
(a0, . . . , an), elicited from selecting plans that map initial
state I into states that satisfy a goal G ∈ G.

We assume that an observer’s beliefs follow from the
probability distribution, P (G|O), where G ∈ G, which is
the solution to a plan recognition problem, T . We also as-
sume that these posterior probabilities are computed via the
application of Bayes’ Rule as:

P (G|O) = αP (O|G)P (G) (4)

where α is a normalizing constant, and P (G) is Prob(G).
Several definitions of likelihoods P (O|G) have been put for-
ward in the literature on model–based plan recognition, this
work examines the following three. The first one, which we
refer to as RG09, adopts a hard postulate on the rationality
of agents pursuing hypothetical goals (Ramirez and Geffner
2009).

P (O|G) =

{
1 |c(G,O)− c(G)| = 0

0 otherwise
(5)

where c(G,O) is the cost of a plan for G constrained to
be consistent with observation sequence O, and c(G) is the
cost of a plan for G without constraints. c(∗) maybe com-
puted with an optimal planner or may be approximated by
a satisficing planner or heuristic. The second definition, also
by Ramirez & Geffner (2010) and noted as RG10, adopts
a softer postulate, preferring hypothetical goals G as an ex-
planation for O when they minimize the difference between
c(G,O) and c(G, Ō), the latter being the cost of a plan for
G which is constrained to be inconsistent with O, that is a

plan which does not feature the observations in sequence.
Assuming a Boltzmann distribution over plans according to
their cost, and writing exp{x} for ex, likelihoods P (O|G)
are defined as:

P (O|G) =
1

1 + exp{−β∆(G)} (6)

where ∆(G) = c(G,O) − c(G, Ō) and β is a positive con-
stant. It is often noted that ∆(G) can be sometimes dif-
ficult to calculate when the observation sequence O con-
tains actions which are goal landmarks (Hoffmann, Por-
teous, and Sebastia 2004). In that case c(G, Ō) can in-
crease substantially – or be ∞ in extreme cases – leading
run–times to increase significantly. Also, while Ramirez &
Geffner (2010) allows O to deviate from the plans selected
by the observer as the best plan for G, inherent in the ap-
proach is the commitment to one specific best plan, amongst
potentially many plans with the same associated cost. Var-
ious approaches have been proposed to avoid these issues
while allowing for a softer stance on rationality (Martin,
Moreno, and Smith 2015; Sohrabi, Riabov, and Udrea 2016;
Pereira, Oren, and Meneguzzi 2017). In this work we will
concentrate our efforts to study the most recent one as it re-
sults in run–times similar to library–based approaches, af-
ter an off-line and potentially expensive elicitation of land-
marks, and has been shown empirically to provide very ac-
curate approximations to RG10. Following from the discus-
sion in Pereira et al (2017) of possible heuristics to select
hypothetical goals as explanations for O, we define the like-
lihood of O given a hypothetical goal G in terms of land-
marks:

P (O|G) ∝ |O ∩ L(G)|
|{G′|L(G′) ∩ L(G) 6= ∅, G′ ∈ G}| (7)

in words, directly proportional to the degreeO covers the set
of landmarks for goalG, L(G) and inversely proportional to
the degree of overlap between sets of landmarks of hypothet-
ical goals G. We will refer to this last approach as POM17.

Planning Transparently
While Plan Recognition is usually described as a multi–
agent setting, only recently (Zhang et al. 2017) models and
frameworks have been proposed that address explicitly the
possible interactions between the agent being observed, or
actor, and the agent observing the actor, which we will refer
to as the observer. In particular we drop the key assumption
in so–called keyhole Plan Recognition (Schmidt, Sridharan,
and Goodson 1978; Kautz and Allen 1986) where the actor
does not take an interest on what the observer may do or
believe about its actions. We will next propose one possible
planning model for an actor that both knows about the ob-
server and wants to influence it in some way. In order to do
so, the actor may eventually have to follow a course of ac-
tion that deviates from the most efficient plan for its actual
goal G∗ ∈ G, or temporarily abandon its pursuit, to pursue
instead changing the observer’s initial beliefs to considerG∗
more likely, while driving those away from other hypotheti-
cal goals G′ ∈ G.
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We define a transparent planning task with the tuple Π =
〈X, A, s0, Ω, q(·|·), G, G∗, P (·|·), P rob〉, where:
• X and A are a set of Functional STRIPS variables and

actions describing a planning domain,
• s0 is a given valuation of variables X ,
• G is a set of possible goal formulae G over literals of X ,

with one distinguished member G∗ which models the ac-
tor’s goal,

• Ω ⊆ X and q(φ|ψ, a) allow us to specify a sensor model
when the actor has limited access to the values of X ,
where a ∈ A, φ is a conjunction of literals of every vari-
able in Ω, and ψ is a conjunctive formulae over X ,

• P (·|·) is the definition posterior goal distribution P (G|O)
which is assumed by the actor to be used by the observer
to make sense of its behaviour,

• Prob is a prior probability distribution over G.
We will refer to pairings of distributions P (·|·) and Prob

as the observer stereotype or stereotype for short. Last, Π
shares elements both relevant to planning and goal recog-
nition models discussed elsewhere in the paper, this makes
apparent that the actor both reasons about his own goal G∗,
and influences the observer’s beliefs as it generates observa-
tion sequencesO made of actions a ∈ A chosen in a suitably
defined manner.

Amongst the several possible models discussed by the
planning community over the years, we chose that of Kael-
bling’s (1999) Goal POMDPs. The transparent planning task
Π can be compiled into a Goal POMDP M(Π) as follows.
States S are valuations over variablesX ′ = X∪{y}, y is the
non–observable state variable used to keep track of the goal
the observer knows the actor to pursue. The domain of y is
given by the set D(y) = {KG|G ∈ G}, where KG are con-
stant symbols that stand for “the observer knows G = G∗”.
Such a statement is only true when indeed, the observer has
identified precisely the goal G∗, as it is false for every goal
G′ 6= G∗, G′ ∈ G. Furthermore, we note that states s such
that [G]s = > and y 6= KG are valid. The reason for allow-
ing the mental state of the observer to be independent of the
actual truth value of the goals G in a given state, is to avoid
the observer beliefs diverging from the distribution P (·|·).
Such a thing can occur if we forced y = KG whenever [G]s

is true, such as when there exists a goal G
′ ∈ G which has

G as a landmark. Introducing such a functional dependency
between X and y can indeed be justified, but it is not of im-
mediate interest to us.

The initial belief b0 is defined as b0(s) = Prob(G) for
every state s = s0 ∧ (y = KG) with G ∈ G and b0(s′) = 0
otherwise. Actions a do not change the value of y so the
transition probability distribution follows from

tr(s|s′, a) =

{
P ({a}|[y]s

′
)P (σ|a) s = f(s′, σ)

0 otherwise
(8)

where f(s′, σ) is a function which updates s′ with the set of
assignments σ, and P (σ|a) is the probability of σ given the
action a (Bonet and Geffner 2001).

A belief b is a goal belief if b satisfies constraints bG:
∑

s∈S, [y]s=G∗

b(s) ≥ 1

|G| + max
G′∈G\G∗

∑

s∈S′ [y]s=G′

b(s) (9)

We want to note that alternative definitions of bG are pos-
sible. For instance, fairly intuitive ones such as that of G∗
being part of the set

argmax
G′∈G

∑

s∈S, [y]s=G′

b(s) (10)

could be useful when Prob is not a i.i.d. over G, otherwise b0
would trivially satisfy the constraint. We use equation 9 as it
requires that the true goal be salient beyond a normalization
factor.

The tracking of beliefs in Equations 1–3 can be simplified
in the following way for the domains discussed in the Eval-
uation section. First, in these domains the agent has access
to all values in X and may not directly or indirectly know
the value of y, so our sensor model becomes Ω = {⊥},
Qa(ω|s) = 1 for every s and a. As a result of this, Equa-
tion 1 and Equation 3 have one and the same expression, i.e.
ba(s) = b⊥a . Second, actions in A have deterministic effects
so the belief update in Equation 1 becomes

ba(s) =
∑

s′∈S
tr(s|s′, a)b(s′) =

∑

s′∈S
P ({a}|[y]s

′
)b(s′)

(11)
The two simplifications above apply to fully observable, de-
terministic domain theories as in the case of the problems
we have used in this paper. For this reason, instead of com-
piling Π to a Goal POMDP we can instead compile it to
a factored state model (Frances et al. 2017) and use scal-
able width–based algorithms such as BFWS (Lipovetzky
and Geffner 2017a) to efficiently search for sequences of ac-
tions to achieve a goal belief bG.

The reasons for having chosen Kaelbling’s classic frame-
work over recently proposed ones such as Bonet’s &
Geffner (Bonet and Geffner 2016) that allows belief track-
ing factorization, are exposed next. First, we note that Goal
POMDPs can be compiled into Bonet & Geffner framework
without loss of generality. Second, and from a purely em-
pirical standpoint, the models M(Π) that result from the
domains discussed in the Evaluation Section always have
a causal width of 1 and hence, no computational advantage
of using Bonet’s & Geffner framework was to be reported,
since time complexity of belief tracking is linear over |G|.
A recent framework we would have wanted to use but could
not because it does not support probabilistic beliefs at the
time of writing this, is the full–fledged multi–agent on–line
planner recently proposed by Kominis & Geffner (2017). We
look forward to reconcile this work with that of Kominis in
the near future.

Action Selection
The action selection problem over the transparent planning
task Π can be addressed as a net-benefit planning prob-
lem (Keyder and Geffner 2009) where the reward function
is defined over beliefs b. The reward R(b) = −d(b, bT ) con-
sidered in this work corresponds to the negative of the Eu-
clidean distance between belief b and target belief state bT ,
that satisfies the constraint bG in Equation 9. We set bT so
that P (G∗|O) = 1, and P (G|O) = 0 forG ∈ G\G∗, which
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stands for the observer being absolutely certain of G∗ being
the goal the actor pursues. In order to compute the Euclidean
distance d, the probabilities assigned by belief b to goals G
∈ G are treated as real–valued vectors of dimension |G|.

A valid plan is a sequence of actions π = 〈a0 . . ., an〉 that
induces the sequence of observations Oπ = 〈a0, . . ., an〉
and the sequence of belief states 〈b0, . . ., bn〉, such that a0 is
applicable in b0, bi = bai as per Equation 11, and bn |= bG.
The utility of a plan π is defined as

u(π) =

∑|π|
i R(bi)

|π| (12)

in words, the average accumulated reward, and a plan π is
optimal if there is no other plan π′ with higher utility. Note
that plan length |π| is only used to normalise u(π), as we
set the task to seek sequences π that maximise the average
similarity between beliefs bi and target belief bT .

Features over Beliefs for Width–Based Search
Width-based algorithms have been shown to scale up for
classical planning problems, factored state models, and net-
benefit problems (Lipovetzky, Ramirez, and Geffner 2015;
Lipovetzky and Geffner 2017a; Frances et al. 2017). In this
work we use BFWS, a best-first search that balances explo-
ration and exploitation. BFWS ranks nodes in the open list
by novelty (exploration term), and breaks ties by a heuristic
function (exploitation term). The novelty of a newly gener-
ated state w(s) is the size of the smallest subset (conjunc-
tion) Q of atoms [x]s true in s and false in all the states s′
generated before s, i.e. w(s) = minQ⊆s,Q 6⊆s′ |Q| (Lipovet-
zky and Geffner 2012).

For the transparent planning task we extend the compu-
tation of novelty to a belief state by taking into account not
only the state variables valuation [x]s, but also the quantities
[YG]s =

∑
s∈S, [y]s=G b(s) corresponding with the poste-

rior probability P (G|O) assigned by the observer to each
goal G ∈ G. The observation sequence O corresponds to the
partial plan leading to state s. Features YG take a precision
of two decimal digits1. The features used to compute nov-
elty are then F (s) = { [x]s | x ∈ X} ∪ { [YG]s }, both
the valuation of state variables x ∈ X and the posteriors
YG for each goal G ∈ G. The novelty of a state becomes
w(s) = minQ⊆F (s),Q6⊆F (s′)|Q|. Extending the definition of
novelty with additional features have already shown bene-
fits in classical planning (Frances et al. 2017). Last, the ex-
ploitation term h(s) = u(π) is set to be the utility of the par-
tial plan π leading to s, making BFWS to prefer first novel
states, breaking ties by utility.

In order to cope with the size of the state-space, and tak-
ing advantage that net-benefit problems can be solved by
online algorithms, we adapt BFWS to solve the online ac-
tion selection problem, where given a budget expressed in
terms of time, number of generated states or simply as a
search horizon on the maximum plan length, the algorithm
has to return the first applicable action leading to the state

1Features need to be bounded, otherwise their domain becomes
non-finite.

with highest utility. For this setting we take advantage of
a polynomial variant of BFWS where nodes whose novelty
w(s) > 1 are pruned (Lipovetzky and Geffner 2017b). The
benefit of the polynomial version known as 1-BFWS is that
it does not require a budget, it simply stops when no more
nodes can be expanded. Note that 1-BFWS can generate at
most DX × DYG

states, where DX =
∑
x∈X |D(x)| is the

sum of domains D cardinality for each state variable, and
DYG

=
∑
G∈G |D(YG)| is the sum of the cardinalities of

state features’ domains. As soon as 1-BFWS reaches a state
s that satisfies the goal belief state bG, then the search is
stopped and the first action leading to s is returned. If no
such state exists, then the search stops when no more nodes
can be expanded and the action leading to the state with
highest utility is returned.

We finish observing that the instance of BFWS above does
not necessarily select actions (paths) which lead to beliefs b
where G∗ is true in every state s s.t. b(s) > 0, and therefore,
guarantee that the true goal has been achieved. In practice,
once G∗ has been confirmed by the observer in some way,
e.g. via some observation token which rules out any state
where y 6= KG∗, one could switch to a purely goal–directed
planner.

Approximating P(O|G) for Belief Tracking
The computational bottleneck to solve the transparent plan-
ning problem is the derivation of ∆ values. We extend
Ramirez & Geffner (2009) approximation for C(G,O),
based on Hoffmann’s hFF heuristic (2001), to approximate
C(G, Ō). While the value of hFF on the tasks that result
from compiling away O may be reasonably informative, as
noted by Ramirez & Geffner (2010), it generally is much
less informative for the planning task constrained to avoid
plans consistent with O, as the constraints are satisfied al-
ready in the initial state.

The cost of achieving goal G without satisfying the ob-
servation sequence O, is the cost of a plan which either re-
moves one or more observations, or changes their sequence
order. Hence, in order to break the sequence of operators it
is sufficient to force an observation to appear with a differ-
ent index. The following transformation extends Ramirez &
Geffner (2009) in order to achieve this.

Given an observation sequence O and observation ai ∈
O, we construct the FSTRIPS planning problem Π =
〈X ′, s, A′, G〉 required to evaluate P (·|·) in Equation 11 as
follows. The set of variables X ′ results from augmenting X
with Boolean state variable next. A′ is made up of copies
a′ of each a ∈ A, where Pre(a′) = Pre(a) ∧ next when
a = ai, Pre(a′) = Pre(a) otherwise. Effects of copies a′
for actions a 6= ai are Eff(a′) = Eff(a) ∪ {next := >}.
Finally the initial state s = f(s0, O

′) is set to the state
resulting from the application of the observation sequence
O′ = 〈a0, . . . , ai−1〉 preceding observation ai. The trans-
formed planning problem ensures that the observation ai is
out of sequence as it is not applicable on the ith step of a
plan, and importantly not even in the delete-relaxed plan that
induces the value of hFF . This is achieved by making sure
that a different observation action that adds the variable next
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is used first. This transformation is applied to every obser-
vation ai ∈ O. The cost of an optimal plan in Πi is approx-
imated by hFF . The cost C(G, Ō) is then set to minimum
cost for breaking the observation sequence O:

C(G, Ō) = min
i=0,...,|O|

c(πi−1) + hFF (Πi, Ii) (13)

where c(πi−1) is the cost of the observation sequence lead-
ing to ai. Note that for each search node we do not require
computing hFF |O| times, C(G, Ō) can be computed from
the best C(G, Ō) value leading to the parent node.

Evaluation

Domain RG10 RG09 POM17 IGC T LAMA T
BLOCKS WORD 0.565 0.813 1.028 0.344 0.193
GRID NAVIGATION 0.523 0.523 1.000 0.431 0.21
GRID NAVIGATION + OBS 0.649 0.649 1.000 0.433 0.21
TICKET TO RIDE 0.571 0.634 0.959 0.654 0.386
CAMPUS 0.854 0.828 1.344 0.437 0.353
INTRUSION-DETECTION 0.774 0.774 1.919 0.535 0.244
LOGISTICS 0.442 0.369 1.011 0.21 0.556
KITCHEN 0.778 0.444 1.756 0.237 0.19
ROVER 0.750 0.597 1.775 0.34 0.23

Table 1: Evaluation of IGC and LAMA. IGC T and LAMA T is
average time in seconds to select an action. Columns RG10, RG09,
POM17 are average ratios Qυ(IGC)/Qυ(LAMA) for the three
stereotypes considered.

In order to test the usefulness of the proposed frame-
work, algorithms and approximations discussed in the pre-
vious Sections, we have implemented an on–line planner
for transparent, IGC (implicit goal communication), using
the LAPKT planning framework (Ramirez, Lipovetzky, and
Muise 2015). This planner, sets P (·|·) to the approximation
discussed in the previous Section, fixing β = 1 in Equa-
tion 6. A general planner for Π trivially follows from attach-
ing procedures to the planner which provide the denotation
of FSTRIPS terms corresponding to the posterior goal prob-
abilities (Frances et al. 2017).

It may be that a regular goal-directed planner communi-
cates its goal efficiently in the course of its plan execution,
in this case there would be very little utility in the proposed
methods. To determine whether this is true we evaluate IGC
against the satisficing classical planner LAMA (Richter and
Westphal 2010) with which we project away the variable y.
Action selection in LAMA is driven mainly by the goal–
directed reachability and landmark–based heuristics used to
determine helpful actions/preferred operators. Run–times,
quantity T in the tables, are put forward for reference only,
as action selection in LAMA requires the computation of a
full plan for goal G∗ and then to commit to its first action.

We have tested IGC and LAMA over 9 domains: GRID
NAVIGATION with and without obstacles, TICKET TO RIDE,
BLOCKS WORD, CAMPUS, INTRUSION-DETECTION, LO-
GISTICS, KITCHEN and ROVER. CAMPUS, INTRUSION-
DETECTION and KITCHEN are domains which have been
compiled from plan libraries (Ramirez 2012), whereas the
BLOCKS WORD, LOGISTICS and ROVER are domains from
the International Planning Competition discussed in the

literature on plan recognition as planning (Ramirez and
Geffner 2010; Pereira, Oren, and Meneguzzi 2017). The
GRID NAVIGATION domain specifies a simple navigation
task on a 2–dimensional, 4–connected grid. The TICKET TO
RIDE domain is a simplified version of the popular board
game of the same name2. The task requires the connection
of nodes representing in–game locations. Connecting two
nodes is only possible if enough game pieces of a given
colour have been drawn. Actions in every domain have de-
terministic effects and unitary costs. Experiments were con-
ducted on a i7-6700HQ CPU running at 2.60GHz and the
physical memory available to the planners was limited to
8Gb of RAM.

Experiments simulate the effects of the actions selected
by IGC and LAMA on the beliefs of the observer. For
each instance, and domain, three observer stereotypes are
tested, one for each of the three methods, RG09, RG10 and
POM17, discussed in the Section “Probabilistic Plan Recog-
nition“ to define P (O|G), along with uniform priors Prob.
The difference between the landmark graph used by LAMA
and POM17 observer is that POM17 uses causal landmarks
and no disjunctive landmarks (Keyder, Richter, and Helmert
2010; Richter 2011). It is an open question to measure the
sensitivity of the observed results to the choice of algo-
rithm to approximate action landmark sets. The simulator
progresses M(Π) as actions are requested from the planner
and executed, this process continues up to the point that the
current belief b satisfies bG in Equation 9, producing a se-
quence of actions π. We measure performance comparing
the length of sequences π generated, we denote this value as
Qυ(X), where υ is the observer stereotype (RG09, RG10,
POM17) and X is a planner (IGC, LAMA).

Table 1 compares the average lengths of generated ac-
tion sequences π between IGC and LAMA, and the results
clearly show a stark difference in the performance of IGC
when switching the cost–based stereotypes (RG09, RG10)
for the landmark–based observer stereotype. For the former,
IGC, accelerates the convergence of the observer beliefs
towards those satisfying bG. For these observer stereotypes
IGC acts far more transparently and manages to convey the
goal faster than the standard goal-directed LAMA. In the
case of the POM17 stereotype in most domains the lengths
are very similar, and in the specific case of ROVERS and the
plan library compilations (CAMPUS, KITCHEN and INTRU-
SION DETECTION) are worse. The reason for this difference
of performance can be traced directly back to the “loopy”
behaviour demonstrated in Figure 2 which delays the selec-
tion of landmarks. The number of plans in the plan library
compilations are quite small3 and the set of (action) land-
marks contain most if not every action used relevant to valid
plans. In contrast, Richter and Westphal’s use of the land-
mark heuristic (2010) naturally directs LAMA towards in-
cluding action landmarks in plans. While LAMA may seem

2https://boardgamegeek.com/boardgame/9209/
ticket-ride

3We refer the reader to the figures in pages 73–78 of M.
Ramirez’s thesis (2012), where a graphical representation of the
plan libraries is discussed.
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to have been a poor choice for a baseline, in fact it serves us
to illustrate the potential of an implementation of IGC using
likelihoods derived from landmarks.

Table 2 produces a ranking between IGC and LAMA
on the basis of how often either planner induce beliefs con-
sistent with bG faster than the other. Again, for the cost–
based stereotypes, the proposed IGC planner clearly out-
performs LAMA, sometimes by a wide margin (see en-
try for Logistics with RG10 stereotype). Interestingly, this
Table also shows how the performance of IGC degrades
as we move from RG10 to stereotypes which strongly pe-
nalize plans which do not match their definition of ratio-
nality – P (G|O). This is made manifest by the results on
the ROVERS domain, where we see RG09 and POM17 re-
act in opposite ways to IGC. RG09 assigns null posteriors
P (G|O) as soon as O deviates from the (suboptimal) best
plan, POM17 in contrast penalises IGC as it avoids execut-
ing landmark actions common to many of the hypothetical
goals G, yet instrumental to achieve G∗. Included in Table 2
is an analysis which uses a χ2 test where the null hypothesis
(H0) is that the number of IGC wins is equal to the num-
ber of times IGC doesn’t win. A result with an *, **, *** or
**** indicates a rejection of H0 with a significance level of
0.05, 0.01, 0.001 or 0.0001 respectively. Results which are
significant in the opposite direction of the hypothesis are de-
noted ns, these are considered not significant because they
only suggest that IGC did not perform better than LAMA.

While the results clearly show that our proposed instanti-
ation of IGC is overfitting RG09 and RG10, and more gen-
erally, cost–based goal recognisers, we note that the hypoth-
esis that maximising the number of landmarks achieved by
plans as a good strategy for selecting actions for cost–based
recognisers, does not seem to follow from the results in Ta-
bles 1 and 2. LAMA does not convey the goal faster in most
domains.

Finally, we note that assumptions on rationality from the
actor and observer perspective are best tested over domains
that present opportunities for divergences in terms of which
action conveys more information. Such domains are essen-
tially partially–observable domains like those discussed by
Ramirez & Geffner (2011), yet to try our ideas on these,
additional research is necessary to integrate algorithms for
action selection over partially–observable planning models,
such as LW (1) (Bonet and Geffner 2014), with the width–
based search methods discussed in this paper.

Future Work
In this paper we have formalised the notion of planning for
communicating goals to an observer, making some strong
assumptions on the nature of the reasoning process used to
make sense out of the actions in the plan. One obvious and
appealing line of future work is to conduct investigations
with human observers and see to what extent human cogni-
tive processes fit the behaviours predicted by our computa-
tional model. This study would need to investigate whether
this fit would vary based upon if the human knows that the
agent is communicating with them or not (whether the hu-
man believes that it is in a keyhole recognition scenario or
an intended recognition scenario). Such a study would verify

RG10 RG09 POM17

Domain I P F ∆m ∆a F ∆m ∆a F ∆m ∆a

BLOCKS
23

IGC 22∗∗∗∗ 7 2.7 14 4 2.4 3ns 2 1.3
WORD LAMA – – – 3 3 1.7 4 2 1.2

CAMPUS 16
IGC 4 2 1.5 4 3 2.2 –ns – –

LAMA – – – – – – 5 2 1.8
GRID

21
IGC 16∗ 16 5.1 16∗ 16 5.1 –ns – –

NAVIGATION LAMA – – – – – – – – –
GRID NAVIGA–

24
IGC 15 7 3.0 15 7 3.0 –ns – –

TION (W. OBST) LAMA – – – – – – – – –
INTRUSION

23
IGC 19∗∗∗ 4 1.4 18∗∗ 4 1.3 3ns 3 3.0

DETECTION LAMA – – – – – – 17 8 3.8

KITCHEN 18
IGC 12 2 1.5 18∗∗∗∗ 2 1.3 6 2 2.0

LAMA – – – – – – 12 10 3.0

LOGISTICS 20
IGC 20∗∗∗∗ 17 4.5 18∗∗∗ 20 11.0 13 17 7.3

LAMA – – – 2 11 10.0 5 10 7.0

ROVER 18
IGC 13 1 1.0 14∗ 9 5.2 2ns 1 1.0

LAMA 1 1 1.0 3 1 1.0 13 4 1.1
TICKET TO

21
IGC 20∗∗∗∗ 11 3.0 19∗∗∗ 11 2.9 3ns 4 3.3

RIDE LAMA – – – – – – – – –

Table 2: Comparison between IGC and LAMA over stereotypes
RG09, RG10 and POM17. Column F is the number of times
Qυ(IGC) <Qυ(LAMA) (and vice versa). Columns ∆m and ∆a

report maximal and average difference Qυ(X2)−Qυ(X1), where
X2 and X1 are the slowest and fastest planner. – entries correspond
to cases where IGC (or LAMA) were never quicker than the other.
Number of ties follows from subtracting the sum of F values from
I (# instances) for every domain and stereotype. *, **, *** and
**** indicate the statistical significance of the result representing
p-values less than 0.05, 0.01, 0.001 and 0.0001 respectively. ns de-
notes results which are significant in the opposite direction of the
hypothesis, which are those where IGC did not perform better than
LAMA.

the suitability of our framework to inform the design of sys-
tems where humans and robots need to co–operate directly
or indirectly in the pursuit of a common goal.

Communicating goals is a limited form of communication
between agents which does not require a previous agreement
on a communication protocol to be used by all the parties
involved. Another future line of research is to explore the
possibilities opened up by this work to enable implicit co–
ordination in multi–agent planning domains.

The experimental setting we use in this paper to evalu-
ate our approach implicitly assumes that every action can be
perceived by the observer. This may well be not the case in
realistic, yet simple settings. Examples of these are domains
where the environment in some form prevents the observer
from sensing the actors’ actions.

Last, planning to obfuscate the goal being pursued seems
intuitively a matter of setting bT in a suitable manner, yet
finding settings with an entirely passive observer where do-
ing so is meaningful seems challenging to us.
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Abstract

Research in classical planning so far was mainly concerned
with generating a satisficing or an optimal plan. However, if
such systems are used to make decisions that are relevant to
humans, one should also consider the ethical consequences
that generated plans can have. We address this challenge by
analyzing in how far it is possible to generalize existing ap-
proaches of machine ethics to automatic planning systems.
Traditionally, ethical principles are formulated in an action-
based manner, allowing to judge the execution of one action.
We show how such a judgment can be generalized to plans.
Further, we study the complexity of making ethical judgment
about plans.

Introduction
With the advent of autonomous machines that drive on the
streets or act as household robots, it has been argued that
we need to add an ethical dimension to such machines lead-
ing to the development of the research area machine ethics
(Anderson, Anderson, and Armen 2005; Anderson and An-
derson 2011). One important question is how we can align
the behavior of autonomous machines with the moral judg-
ment of humans. In this context, most often the question is
whether a particular action is morally obligatory, permis-
sible or impermissible, given a particular ethical principle
(Driver 2006). Judging one action is, of course, important.
However, automated planning systems (Ghallab, Nau, and
Traverso 2016) are faced with the problem of making a huge
number of decisions about including actions into a plan. And
it does not necessarily make sense to analyze the ethical con-
tents of each such decision in isolation, but to take an ethical
perspective on an entire plan (and perhaps alternative plans
reaching the same goal). As an example, consider utilitarian
reasoning: if every action in a plan were judged in isolation,
one would not be allowed to perform an action that tem-
porarily decreases the utility, even if this action is a neces-
sary prerequisite for later earning a lot of utility in a globally
optimal final reachable state. Judging a plan as a whole al-
lows considering this early investment for the sake of a later
benefit as permissible from a utilitarian perspective.

In this paper, we will address these problems by analyzing
three problems. First, we will look at what kind of additional
information we need in order to be able to make moral judg-
ments in the context of different ethical theories. Secondly,

we will propose methods to judge the ethical acceptability
of a plan. We will test the proposed notions using examples
from the literature on moral dilemmas.

We will not limit ourselves to one particular ethical prin-
ciple, but will consider a number of different principles that
have the potential to be treated computationally, similar to
the HERA (Lindner, Bentzen, and Nebel 2017) approach.

Based on the work we present in this paper, a planner will
not only be able to come up with plans, but also to eth-
ically judge those plans and compare them to alternative
plans that it produces or that may be suggested by a hu-
man user or another automated planner. This will enable an
ethically competent planning system to discuss and explain
why a certain—morally superior—plan should be preferred
over another—morally inferior—one. Such an explanation
can explicitly refer to which ethical principles are violated
and how they are violated.

The remainder of the paper is structured as follows. In the
next section, we introduce different ethical principles that
have been discussed in the literature. Then, the planning
formalism we will use throughout the paper will be spec-
ified. This is basically a propositional planning formalism
extended by variables with non-binary domains, exogenous
events, and moral valuations of actions and consequences.
We then formalize the notions of causation and means to
an end in the framework of our planning formalism. Based
on that, we can then formalize different ethical principles,
which we will use to analyze the computational problem of
ethically validating a given plan. Finally, we sketch related
work and conclude.

Ethical Principles
In moral philosophy, various ethical principles are consid-
ered. Ethical principles are descriptions of abstract rules that
can be used to determine the moral permissibility of con-
crete courses of actions. In this section, we introduce ethical
principles which embrace different views on how to assess
moral permissibility of actions based on the actions’ conse-
quences: Utilitarianism, deontology, do-no-harm principle,
and the principle of double effect.

The utilitarian principle focuses on consequences of ac-
tions. It says that an agent ought to perform the action
amongst the available alternatives with the overall maximal
utility. We adopt an act-utilitarian interpretation which does
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not distinguish between doing and allowing, i.e. the causal
structure of the situation is not taken into account. Thus the
action which the agent ought to perform is the one which
leads to the best possible situation, i.e. the highest utility,
regardless of what the agent causes and intends.

The utilitarian principle is often contrasted with deontol-
ogy. According to deontology, an action does not get its
moral value from the consequences brought about by the ac-
tion. Instead, deontology takes only the intrinsic utility of an
act into account. An action is permissible according to the
deontology if and only if the act itself is morally good or
indifferent.

The do-no-harm principle is a consequentialist principle,
like utilitarianism, but more restrictive in that it states that
an agent may not perform an action which has any negative
consequences. The do-no-harm principle is satisfied in case
the agent remains inactive as there will then be no negative
consequences and since we regard the act token of remaining
inactive itself as neutral. The distinction between doing and
allowing is relevant to this principle, as it is the causal con-
sequences of an action which are considered. The intentions
of the agents are not considered ethically relevant for our in-
terpretation of this principle. A version of the do-no-harm
principle can for instance be found in Asimov’s first law of
robotics forbidding robots to bring about harm by the ac-
tion. A less restrictive version of this principle is the do-no-
instrumental-harm principle. This principle allows for harm
as a side effect but not as a means to ones goals.

Finally, we will consider the principle of double effect.
Under this principle, an action is permissible if five condi-
tions hold:

1. The act itself must be morally good or neutral.
2. A positive consequence must be intended.
3. No negative consequence may be intended.
4. No negative consequence may be a means to the goal.
5. There must be proportionally grave reasons to prefer.

A closer look reveals that the first condition of the prin-
ciple of double effect implements deontology. Thus, actions
are assumed to have an inherent moral value, which does
not (necessarily) stem from the effect of an action. The sec-
ond and third conditions take the intentions, or goals, of the
agent into consideration: An agent may not have a bad con-
sequence as a goal, but it should intend something good.
The fourth condition is an implementation of the do-no-
instrumental-harm principle introduced above: Morally bad
consequences are permissible as side effects only. And fi-
nally, the fifth condition is a weaker version of utilitarian-
ism: In our interpretation, the condition requires that all in
all the effects of the action must yield positive utility. Thus,
if the bad side effects are too severe, the principle of double
effect will render the action morally impermissible.

Planning Formalism
We use a planning formalism based on SAS+ (Bäckström
and Nebel 1995), extended with conditional effects (Rin-
tanen 2003) and exogenous events (Fox, Howey, and Long
2005; Cresswell and Coddington 2003).

Language. A planning task is a tuple Π = 〈V, A, s0, s?〉
consisting of the following components: V is a finite set of
state variables v, each with an associated finite domain Dv .
The set of all values is denoted byD =

⋃
v∈V Dv . A fact is a

pair 〈v, d〉, where v ∈ V and d ∈ Dv , also written as v=d in
conditions and v:=d in effects. We call a conjunction of facts
v1=d1 ∧ · · · ∧ vk=dk consistent if it does not contain any
two facts vi=di and vj=dj such that vi = vj , but di 6= dj .
We call it a complete conjunction, or simply complete if it
contains a conjunct v=d for every variable v ∈ V . Up to
reordering and unnecessary repetitions of conjuncts, there
is a unique complete conjunction of facts for every possible
assignment of domain values to variables. Therefore, we will
often identify those representations. A complete conjunction
of facts s is also called a state, and S denotes the set of states
of Π.

The set A is a set of actions, where an action is a pair
a = 〈pre, eff 〉. The precondition pre is a conjunction of
facts, and the effect eff is a conditional effect in effect nor-
mal form (ENF) (Rintanen 2003), i. e., a conjunction eff =
eff 1 ∧ · · · ∧ eff k of sub-effects eff i of the form ϕi B vi:=di,
where ϕi is a conjunction of facts, the effect condition, and
where vi:=di is an atomic effect (a fact). Every atomic ef-
fect may occur at most once in eff . We furthermore assume
that, whenever eff includes two conjuncts ϕi B vi:=di and
ϕj B vj :=dj , and vi = vj , but di 6= dj , then ϕi ∧ ϕj is
inconsistent, to rule out contradictory effects. If some ϕi is
the trivial condition >, then the corresponding sub-effect is
unconditional, and we write v:=d instead of > B v:=d. The
set of actionsA is partitioned into a setAendo of endogenous
actions and a setAexo of exogenous actions. We assume that
the set of endogenous actions always contains the empty ac-
tion ε, which has an empty precondition and effect, and we
assume that each exogenous action is associated with a set of
discrete time points t(a) at which it will be automatically ap-
plied, provided that its preconditions is satisfied. This is sim-
ilar in spirit to timed facts (Cresswell and Coddington 2003)
that are made true exactly at their associated time point. The
state s0 ∈ S is called the initial state, and the partial state s?
specifies the goal condition.

Semantics. An endogenous action a = 〈pre, eff 〉 is ap-
plicable in state s iff s |= pre. For an exogenous action
a to be applicable, we additionally require that s is the
t-th state in the state sequence induced by the action se-
quence under consideration for some t ∈ t(a). Let eff =∧k

i=1(ϕi B vi:=di) be an effect in ENF. Then the change
set (Rintanen 2003) of eff in s, symbolically [eff ]s, is the
set of facts

⋃k
i=1[ϕi B vi:=di]s, where [ϕB v:=d]s = {v=d}

if s |= ϕ, and ∅, otherwise. A change set will never con-
tain two contradicting effects. Now, applying an applicable
action a to s yields the state s′ that has a conjunct v=d for
each v=d ∈ [eff ]s, and the conjuncts from s for all variables
v that are not mentioned in the change set [eff ]s. We write
s[a] for s′.

For exogenous actions, we assume an urgent semantics.
More specifically, whenever an exogenous action aexo is ap-
plicable and its application in the current state leads to a
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different successor state, its application is enforced. We fur-
thermore assume that if two or more exogenous actions are
applicable in the same state, they do not interfere, i. e., nei-
ther of them disables another one, nor do they have con-
flicting effects. Let s be a state. Then by ∆exo(s) we re-
fer to the unique state that is obtained from s by applying
all applicable exogenous actions. Since exogenous actions
that are applicable in the same time step do not interfere,
∆exo(s) is well-defined and is obtained by the application
of finitely many exogenous action occurrences. We give the
following semantics to a sequence consisting of endogenous
actions π = 〈a0, . . . , an−1〉: First we extend the plan by
empty actions if n − 1 < max

⋃
a∈Aexo

t(a) until the high-
est time step of the exogenous actions equals n − 1. Then,
we assume that the initial state s0 is already closed under
exogenous action application, i. e., that ∆exo(s0) = s0. Fi-
nally, for i = 0, . . . , n−1, the next state si+1 is obtained by
first applying action ai to state si (assuming that it is appli-
cable), followed by closing under exogenous actions. More
formally, si+1 = ∆(si, ai) := ∆exo(si[ai]). If ai is inappli-
cable in si for some i = 0, . . . , n− 1, then π is inapplicable
in s0.

A state s is a goal state if s |= s?. We denote the set of
goal states by S?. We call π a plan for Π if it is applicable in
s0 and if sn ∈ S?.

Modified semantics for counterfactual reasoning. Be-
low, we will try to answer questions of the form: “What
would have happened if we had followed plan π, but with-
out action a being part of π?”, or: “What would have hap-
pened if v=d would not have been an effect of action a?” For
that, we want to be able to trace plan π while leaving out a
or v=d. Unfortunately, with the semantics above, this would
often simply mean that the pruned plan is no longer appli-
cable. To avoid this, we consider an alternative semantics
here. Let π′ = 〈a0, . . . , an−1〉 be a pruned plan, possibly
with some actions dropped or replaced by the empty action
ε, or with some effects removed from actions. Let s0 be the
initial state. Then we define, for all i = 0, ..., n − 1, that
si+1 = ∆(si, ai), if ai is applicable in si, and si+1 = si,
otherwise. In other words, if ai is applicable in si, then we
apply it, otherwise, we skip it. Notice that even if ai remains
applicable in si in π′, the actual effects of ai may differ from
what happens when tracing the unpruned plan π, since some
effect conditions of ai may be satisfied for π, but not for π′,
or the other way around.

Moral valuations of actions and consequences. Above,
we defined the planning formalism we use. To define the
possible dynamics of the system under consideration, this is
sufficient. However, in order to formally capture and reason
about the ethical principles outlined in above, we also need
to classify actions and facts with respect to their moral per-
missibility as either morally bad, indifferent, or good.

To that end, in the following, we assume that each plan-
ning task Π comes with a utility function u that maps en-
dogenous actions and facts to utility values: u : Aendo∪(V×
D)→ R.

Note that we let u map to R instead of just {−1, 0, 1} to
allow for different degrees of how morally good or bad an
action or fact may be. We need this in order to reasonably
capture the utilitarian principle. We call an action a or fact
f morally bad if u(a) < 0 or u(f) < 0, respectively. Simi-
larly, we call an action or fact morally indifferent or morally
good if its utility value is zero or higher than zero, respec-
tively. Notice that we explicitly do not require that permis-
sibility of actions and facts must be consistent in any par-
ticular sense. For instance, we do not require that an action
must be classified as morally bad if one (or all) of its effects
are morally bad. The rationale behind this choice is that, in
terms of deontology, actions are good or bad per se, without
regard to their actual effects. We leave enforcing such con-
sistency to the modeler where this is desired, and emphasize
that occasionally, such consistency may be explicitly not de-
sired.

When using a consequentialism view, we will judge the
moral value of a plan by the utility value of its final state,
which is defined to be the sum over the utility values of all
facts in the final state: u(s) =

∑
{v=d | s|=v=d} u(v=d). If we

want to consider also the utility value of intermediate states
of a plan, one would need to propagate the relevant facts to
the final state. This again would be something the modeler
is responsible for.

Means to an End
Existing Proposal
To derive the means of a plan, Govindarajulu and Bringsjord
(2017) propose the following definition of a relation between
two effects in the plan:

Given a plan ρ, we say an effect e1 is used as means for
another effect e2, if e1 ∈ pre(a1), a1 is an action in the
plan and e2 ∈ additions(a2), and a1 comes before a2.
The purpose of this definition is to check whether or not a

given plan violates the fourth condition of the double-effect
principle requiring that no morally bad effect is used as a
means to bring about a morally good effect (see section on
ethical principles). However, the definition does not capture
the intuition about what it means that an effect is used as
a means for another effect. One can easily think of a plan
with two actions a1, a2, such that e1 is a precondition of a1,
which makes one part of a goal true, and e2 be an effect of
a2 which makes another part of the goal true. Then, e2 does
not depend on e1 in any way.

That said, the Govindarajulu and Bringsjord’s (2017)
definition does not take into account that different ac-
tions in an action plan can contribute to different parts
of the goal. For a more demonstrative example con-
sider an action plan for a tea-serving robot to accomplish
s? ≡ bobHT => ∧ aliceHT =>. An action plan could be
π = 〈announceTea, serveBob, serveAlice〉, that is, first
the robot creates the desire for tea by announcing tea time,
then the robot brings Bob and Alice some tea. We assume
the planning task Π = 〈V, A, s0, s?〉:
• V = {bobHT , aliceHT , bobWT , aliceWT}
• A = {announceTea, serveBob, serveAlice}
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– announceTea = 〈>, bobWT :=> ∧ aliceWT :=>〉
– serveBob = 〈bobWT =>, bobHT :=>〉
– serveAlice = 〈aliceWT =>, aliceHT :=>〉

• s0 = bobHT =⊥∧aliceHT =⊥∧bobWT =⊥∧aliceWT =⊥
• s? = bobHT => ∧ aliceHT =>

In the plan π = 〈announceTea, serveBob, serveAlice〉,
bobWT => is an effect of announceTea , and it is a precon-
dition of serveBob. Moreover, aliceHT => is an effect of
the later action serveAlice . Hence, according to the defini-
tion by Govindarajulu and Bringsjord (2017), bobWT => is
a means for aliceHT =>. This unintuitive result comes from
the fact that the relation between the effects is not correctly
captured by the definition. Instead, a counterfactual anal-
ysis is necessary: bobWT => may only count as a means
for aliceHT =>, if aliceHT => could not be made true by
the plan if, counterfactually, bobWT => were no effect of
announceTea .

This analysis suggests that the means relation should be
defined using a counterfactual condition that better matches
the intuition.

Refined Proposal
Drawing on the analysis in the preceding section, we pro-
pose a counterfactual definition of the concept means to an
end, which relates effects of actions and goals. Let us start
with a preliminary definition. An effect vm=dm of an en-
dogenous or exogenous action am in a plan π is called a
means to achieve a fact ve=de (i.e. s? |= ve=de) if and only
if removing the effect vm=dm from action am would lead
to final state s′n such that s′n 6|= ve=de. Remember that we
assume that the original plan π is still considered to be ex-
ecutable even if some of the actions are not executable any
more.

This definition gets the intuition of the relation be-
tween Bob wanting tea and Alice having tea right. If,
counterfactually, the effect bobWT => were not an ef-
fect of announceTea , it would still be the case that af-
ter π = 〈announceTea, serveBob, serveAlice〉, the goal
aliceHT => would be achieved, but not bobHT =>. Hence,
according to our preliminary definition, bobWT => is not
a means the end aliceHT =>, but it is a means to the end
bobHT =>.

What is not clear is how to check the means relation
if an effect appears more than once during the execu-
tion of a plan. For instance, assume that in a plan the
electric light is switched on, illuminating the room, i.e.
roomIlluminated=>. Further, a candle is lit, which also il-
luminates the room. One of the goals is to make an object
in the room visible, i.e., object=visible , which happens, if
the room is illuminated. If we now check counterfactually
whether the fact roomIlluminated=> is a means to achieve
object=visible , it is not clear, for which action we should
delete the fact roomIlluminated=>. Moreover, regardless
of which effect we delete, the object will still be visible.
Only if we delete both effects in the plan, then the object
is not any longer visible. So, one could argue that the above
definition should be modified by requiring that all effects

in the plan of the form vm=dm should be deleted in or-
der to check whether vm=dm is a means to achieve ve=de.
This requirement appears to be too strict, however. Assume
a toggle switch action that has an effect pressed=>, which
in turn leads through an exogenous action to toggling the
light and resetting the pressed status, i.e., pressed=⊥. As-
sume two of these actions are executed in a plan. Removing
all pressed=> effects will not change the status of the light
in the end, but only one removal will change the status of the
light in the final state. For these reasons, we argue that we
should consider all possible subsets of effect appearances in
plan, when the means to an end relation is considered, which
leads to the following formal definition.

Definition 1 (Means to an End). For a given plan π with
final state sn, a fact vm=dm is called a means to the end
ve=de if and only if sn |= ve=de and the plan π′ obtained
by deleting the effect vm:=dm from some actions in π does
lead to a final state s′n s.t. s′n 6|= ve=de.

Formalization of Ethical Principles
We can now formalize moral permissibility of action plans
according to the ethical principles introduced above. To ex-
emplify each of the principles and to demonstrate how they
come to different judgments about the moral permissibility
of plans, we first introduce two famous versions of the trol-
ley problem (Foot 1967). The classical trolley problem is a
thought experiment that asks the listener to imagine it were
in the following situation: “A runaway trolley is about to
run over and kill five people. If you, as a bystander, throw
a switch then the trolley will turn onto a sidetrack, where it
will kill only one person.” Using SAS+, the problem can be
modeled as a planning task Π = 〈V, A, s0, s?〉, such that:

• V = {man,men, tram, lever}
• Aendo = {pull}, Aexo = {advance}

– pull = 〈>, lever=l . lever:=r ∧ lever=r . lever:=l〉
– advance = 〈>, tram=start ∧ lever=r . tram:=r ∧
tram=start ∧ lever=l . tram:=l ∧ tram=r .
men:=dead ∧ tram=l . man:=dead〉

• t(advance) = {1, 2}
• s0 = man=alive∧men=alive∧ tram=start∧ lever=r

• s? = men=alive

• u(pull) = u(lever=l) = u(lever=r) =
u(tram=start) = u(tram=l) = u(tram=r) =
0, u(man=alive) = 1, u(men=alive) =
5, u(man=dead) = −1, u(men=dead) = −5

In this model, the variable men models the state of the five
persons on the one track (dead or alive), and man models
the state of the one person on the other track. The variable
tram tracks the position of the tram (start, right track r,
left track l), and the variable lever represents the state of
the lever (left position l or right position r). There is one
endogenous action pull available to the bystander. The ac-
tion switches the state of the lever. The timed exogenous
action advance changes the position of the tram at time
points 1 and 2. Deaths are considered morally bad and hence
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they have negative utility, and survival facts are considered
morally good and hence have positive utility. All other facts
and actions are considered morally neutral. Depending on
the state of the lever, at time point 1, the tram will move
from its start position either to the left track or to the right
track. At time point 2, if it is on the left track, the tram will
hit the one man, and if it is on the right track, it will hit the
five men. So, if the bystander’s goal was to save the five men,
her only chance is to execute pull at time point 0.

The classical trolley problem is often contrasted with the
footbridge trolley problem, which reads: “A trolley has gone
out of control and now threatens to kill five people work-
ing on the track. The only way to save the five workers is to
push a big man currently standing on the footbridge above
the track. The big man will fall onto the track thereby stop-
ping the tram. He will die, but the five other people will sur-
vive.” Like the classical trolley problem, also the footbridge
trolley problem involves a decision between one death and
five deaths. But the intuition about what is morally permis-
sible to do turns out very different. The SAS+model of this
scenario is given by a planning task Π = 〈V, A, s0, s?〉, such
that:

• V = {man,men}
• Aendo = {push}, Aexo = {advance}

– push = 〈man=onBridge,man:=deadOnTrack〉
– advance = 〈>,man=onBridge . men:=dead〉

• t(advance) = {1}
• s0 = man=onBridge ∧men=alive

• s? = men=alive

• u(push) = −1, u(man=onBridge) =
1, u(man=deadOnTrack) = −1, u(men=dead) =
−5, u(men=alive) = 5

The variable man represents the state of the big man on
the footbridge (either onBridge or deadOnTrack), and the
variable men represents the state of the five people on the
track (either dead or alive). The endogenous action push is
available to the decision-making agent, who reasons about
whether or not to push the big man off the bridge. The timed
exogenous action advance changes the state of the tram. De-
pending on whether or not the big man is on the track, the
tram will stop at time point 1 due to its collision with the big
man, or it will hit the other five men. We assume that push-
ing is inherently morally bad, that the fact that the big man is
lying dead on the track is morally bad and that him surviving
on the bridge is morally good, and that the death of the five
men also is morally bad but their survival is morally good.

So, one reasoning task of interest is to check possible
plans for moral permissibility. To do so, we define moral
permissibility of several ethical principles: Deontology, util-
itarianism, do-no-harm principle, do-no-instrumental-harm
principle, and the principle of double effect.

The definition of the deontological principle (Def. 2) re-
quires that all actions in a plan are intrinsically morally good
or neutral.

Definition 2. A plan π = 〈a0, . . . , an−1〉 is morally permis-
sible according to the deontological principle if and only if
for all actions ai, u(ai) ≥ 0.

Consider the plans π1 = 〈pull〉 for the classical trolley
problem and π2 = 〈push〉 for the footbridge trolley prob-
lem. Plan π1 does not contain any intrinsically bad action,
whereas π2 does. Therefore, according to the deontological
principle, π1 is morally permissible, because it does not con-
tain any morally bad action, and π2 is morally impermissi-
ble, because it does contain a morally bad action.

Consequentialists argue that the moral value of actions is
determined by their consequences rather than by some in-
trinsic value. One such consequentialist ethical principle is
utilitarianism, which requires an agent to always do what is
morally optimal. In the context of action plans, we call a
plan morally permissible according to the utilitarian princi-
ple iff the final state of the plan is among the morally optimal
states.
Definition 3. A plan π = 〈a0, . . . , an−1〉 is morally per-
missible according to the utilitarian principle if and only if
u(sn) ≥ u(s′) for all reachable states s′, where sn is the
final state reached by π.

Given that the advance actions will be executed anyway,
the set of reachable states in both the trolley problems boil
down to the states reached by acting at time point 0 or re-
fraining from action. In the classical trolley problem, the two
reachable states differ in the number of people dead. In our
version of utilitarianism, the number of people harmed is
morally relevant. Thus, the plan 〈pull〉 is morally permissi-
ble, but the empty plan is not. Also for the footbridge trol-
ley problem, pushing the big man off the bridge, 〈push〉, is
morally permissible but the empty plan is not.

While utilitarianism allows for harm for the greater good,
it has been argued that a moral agent should avoid harm at
all (for instance, the first Law of Robotics by Asimov con-
tains such a do-no-harm clause). Thus, definition 4 renders
an action plan morally permissible only if no part of the plan
produces avoidable harm.
Definition 4. A plan π = 〈a0, . . . , an−1〉 is morally permis-
sible according to the do-no-harm principle if and only if for
all facts v=d, if sn |= v=d and u(v=d) < 0, then for all
plans π′ obtained by deleting a subset of actions in π, v=d
still holds in the final state of π′.

According to this definition, the plan 〈pull〉 for the classi-
cal trolley problem is morally impermissible. This is because
it makes the morally bad fact man=deadOnTrack true,
which is false if pull is deleted from the plan. For the analog
reason, the plan 〈push〉 for the footbridge trolley problem is
impermissible, as well. Note that, although the deontological
principle and the do-no-harm principle agree on the judg-
ment of the plan 〈push〉, they do so for different reasons:
The deontological reasoner argues that the plan is impermis-
sible, because pushing someone is wrong, whereas under the
do-no-harm principle, the reasoner argues that the plan is im-
permissible, because pushing the man actively brings about
a morally bad consequence. Thus, different principles give
rise to different explanations even though they may come to
similar judgments.
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While the principle is clear as long we consider only one
action or talk about executing the plan in full or not all, the
judgment appears to be more difficult when one deliberates
about leaving out arbitrary parts of the original plan. If, for
example, we have two actions in the plan, one deleting a
morally bad effect, which is true in the initial situation, and
the second action reinstantiates the morally bad effect, then
we have not lost anything compared with the initial situation.
However, when executing the plan we reach a state which
state from which executing the second action leads to some
harm. For this reason, we consider a plan only as acceptable
when we can guarantee that by deleting arbitrary parts we
never reach a less harmful state.

An attractive extension of the do-no-harm principle is the
do-no-instrumental-harm principle defined in Def. 5. The
idea is that harm is permissible in case it is not committed
as a means to one’s end but only occurs as side effect.
Definition 5. A plan π = 〈a0, . . . , an−1〉 is morally per-
missible according to the do-no-instrumental-harm princi-
ple if and only if for all moral facts v=d, if sn |= v=d and
u(v=d) < 0, then v=d is not a means to an end (see Def. 1).

According to the definition of the do-no-instrumental
harm principle, the plan 〈pull〉 is permissible. This is be-
cause the bad effect man=dead is not a means to the end
men=alive: If, counterfactually, man=dead was no effect
the actions in the plan, then still men=alive would finally
hold. Contrarily, in the footbridge trolley problem, if, coun-
terfactually, man=deadOnTrack was no effect of push,
the the goal men=alive would not finally hold. Hence, the
plan 〈pull〉 is morally permissible according to the do-no-
instrumental harm principle, and 〈push〉 is not. These judg-
ments correspond to the judgments made by the deontolog-
ical principle. But again, the judgments are made for differ-
ent reasons: Pulling is permissible not because it is intrinsi-
cally permissible, but because no harm is done as a means
to the end. Also, pushing the big man off the bridge is im-
permissible, not because pushing is morally bad or because
harm is done. Rather, the do-no-instrumental-harm reasoner
would argue that the plan is morally impermissible, because
the harm produced was brought about as a means to the end.

Finally, we define the principle of double effect in Def. 6,
which contains many of the above principles.
Definition 6. A plan π = 〈a0, . . . , an−1〉 is morally permis-
sible according to the double-effect principle if and only if
all of the following conditions are satisfied:

1. The plan π is morally permissible according to the deon-
tological principle.

2. At least one goal fact v=d satisfies u(v=d) > 0.
3. No goal fact v=d satisfies u(v=d) < 0.
4. The plan π is morally permissible according to the do-no-

instrumental-harm principle.
5. u(sn) > 0, where sn is the goal state reached by π.

As can be seen from the definition, the principle of double
effect contains the deontological principle as its first condi-
tion and the do-no-instrumental-harm principle as the fourth
condition. The second and third conditions are constraints
on the goal of the planning agent: She is not allowed to have

morally bad goals, and the goal should contain something
morally good. The last condition is a weaker form of utili-
tarianism, which requires that all in all the plan brings about
more good facts than bad facts—but unlike utilitarianism, it
does not require the plan’s final state to be among the opti-
mal states.

As we already know, in case of the footbridge trolley
problem, the first condition renders pushing the man off the
bridge impermissible. However, the second and third condi-
tions are fulfilled, because the goal of the agent only consists
of one fact, viz., men=alive, and this fact is morally good.
The fourth condition also is violated as we have already dis-
cussed above. The fifth condition is fulfilled, because, all in
all, the good consequences yield more positive utility than
the negative consequence add negative utility. Hence, using
the principle of double effect, the reasoner can explain that
there are two reasons why the plan 〈push〉 is morally im-
permissible: Because pushing is morally bad, and because
the death of the big man is used as a means. For the case of
the classical trolley problem, the principle of double effect
comes to the conclusion that the plan 〈pull〉 is morally per-
missible: Pulling is not intrinsically bad, the goal is of the
agent is morally good, the bad effect is not used as a means,
and overall, the balance of positive and negative utility of
the consequences is positive.

Ethical Validation of Action Plans
The output of a planning algorithm is a sequence of ac-
tions π = 〈a0, . . . , an−1〉 and a final state sn. Our goal is
to ethically evaluate a given action plan. To this end, we
here describe procedures that take a planning task Π =
〈V, A, s0, s?〉, the utility function u , a plan π, its final state
sn, and one of the introduced ethical principles as the input
and decide whether or not the principle renders the plan as
morally permissible.

To check whether or not a given plan π is morally permis-
sible according to the deontic principle (Def. 2), it needs to
be checked if some of the actions in π are intrinsically bad,
i.e., if for one of the action ai in π, we have u(ai) < 0. This
can be apparently done in time linear in the length of π.

Proposition 1 (Deontic Validation). Deciding whether a
plan is morally permissible according to the deontic prin-
ciple can be done in polynomial time.

A procedure for verifying that π is morally permissible
according to the utilitarian principle (Def. 3) is much more
involved then checking deontological permissibility. Recall
that the utilitarian principle only permits plans that lead to
reachable states with maximum utility. In so far, this is very
similar to over-subscription planning (Smith 2004). Based
on that, we can formulate a non-deterministic procedure for
deciding the complement of the permissibility problem as
follows. Compute the overall utility of sn. Then guess an-
other complete state s′ with utility that is larger than the
utility of sn. Finally generate (non-deterministically) a plan
π′ to achieve s′. If successful, it demonstrates that π is not
morally permissible. That this is indeed an (asymptotically)
optimal procedure is shown by the following theorem.
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Theorem 1 (Utilitarian Validation). Deciding whether a
plan is morally permissible according to the utilitarian prin-
ciple is PSPACE-complete.

Proof. PSPACE membership follows from the arguments
above, and the facts that PSPACE is closed under comple-
ment and non-determinism and that deciding plan existence
is in PSPACE. PSPACE-hardness follows straight-forwardly
from a reduction of plan existence in SAS+ planning. Given
a SAS+ planning task Π, generate a new task Π′ by extend-
ing the set of variables by two Boolean variables g1 and g2,
which are both assumed to be false in s0. Extend the set of
actions by two new endogenous actions: a1 = 〈>, g1:=>〉
and a2 = 〈s?, g2:=>〉. The new goal description of Π′ is
s? = g1=>. The utility function is identical to zero on all
actions and facts except for g1 and g2, where it evaluates to
1. Clearly, the only possible plan is 〈a1〉 leading to state s
with u(s) = 1. This plan is impermissible according to the
utilitarian principle iff there exists a plan for the original task
Π because in this case we could reach a state s′ for Π′ such
that u(s′) = 2.

To check whether a given plan π is morally permissible
according to the do-no-harm principle (Def. 4), we have
to verify that no parts of the plan lead to avoidable harm.
A non-deterministic algorithm for deciding impermissibility
could be: We guess one fact vb=db with u(vb=db) < 0 and a
subplan π′ of π leading to s′ and then verify that sn |= vb=db
but s′ 6|= vb=db.
Theorem 2 (Do-No-Harm Validation). Deciding whether
a plan is morally permissible according to the do-no-harm
principle is co-NP-complete.

Proof. The sketched non-deterministic algorithm demon-
strates membership in co-NP. In order to show hardness,
we use a reduction from 3SAT to the impermissibility prob-
lem. Assume a 3SAT problem over the variables v1, . . . , vn
and clauses c1, . . . , cm, where each clause consists of 3 lit-
erals lj1, lj2, lj3. We now construct a planning task Π =
〈V, A, s0, s?〉, where V = {b, g, v1, . . . , vn, c1, . . . , cm},
A = {V1, . . . , Vn, C1, . . . , Cm, G,B}, s0 = {v=⊥ | v ∈
V}, and s? = {g}. The actions are defined as follows: Vi =

〈>, vi:=>〉, Cj = 〈>,∧3
k=1(ljk B cj)〉, where ljk ≡ vjk=>

if the literal ljk in the original SAT problem is positive, oth-
erwise, ljk ≡ vjk=⊥. Further, G = 〈>, g:=> ∧ (

∧m
j=1 cj B

b:=⊥)〉, B = 〈>, b:=⊥〉. All facts have zero utility except
for b=⊥, which is valued −1. The plan, we want to check is
π = 〈V1, . . . , Vn, C1, . . . , Cm, G,B〉. This plan obviously
achieves the goal and the final state contains some harm.
Moreover, the only way to avoid this harm is to delete ac-
tionB. However, even without this action, we still may have
harm. This harm can be avoided, if and only if we can delete
a (perhaps empty) subset of the Vi actions corresponding to
a variable assignment of the 3SAT problems that satisfies the
original 3SAT formula, which demonstrates that impermis-
sibility is co-NP-hard.

For the do-no-instrumental-harm principle (Def. 5), we
can use a very similar method. Instead of deleting subsets
of actions, we have to delete subsets of effect occurrences in

the plan. Hence, checking this principle for a given plan has
the same computational complexity.

Theorem 3. Deciding whether a plan is morally permissible
according to the do-not-instrumental-harm principle is co-
NP-complete.

Proof. One can use obviously the same non-deterministic
algorithm as for the do-no-harm principle, demonstrating
that deciding permissibility of plan for this principle is again
in co-NP. For hardness, we can use a reduction very similar
to the one in the last theorem. Instead of deleting actions
we would delete effects, which are used to enable the exe-
cution of exogenous actions that regulate the assignment of
the variables.

Finally, let us consider the double-effect principle. Ex-
cept for the fourth condition, everything can obviously be
checked in polynomial time. The fourth condition is just the
do-not-instrumental-harm principle. In other words, decid-
ing permissibility for this principle is in co-NP.

Theorem 4. Deciding whether a plan is morally permissible
according to the double-effect principle is co-NP-complete.

Proof. Membership is obvious. Hardness follows with the
same proof as above by setting u(g) = 2.

Related Work
While there exists a number of papers on machine ethics,
papers that focus on generating and/or validating plans ac-
cording to ethical principles are scarce.

Dennis et al. (2016) propose to establish ethical princi-
ples and ethical rules that judge the severity of violation
an ethical principle, whereby an ethical principle could be
not to harm a human. Plans can then be ordered by com-
paring the worst violations of these plans. While this has an
deontological flavor, in fact, plans are judged according to
their ultimate consequences, and hence this appears to be a
consequentialist approach. The authors do not consider the
distinction between causing harm and causing instrumental
harm.

Pereira and Saptawijaya (2017) showed how to use ab-
ductive logic programming in order to specify the principle
of double effect and to evaluate some of the trolley scenar-
ios. Berreby et al. (2015) similarly use logic programming
(in this case ASP) in order to specify the principle of double
effects and evaluate on trolley scenarios described using the
event calculus. In this case, however, they do not use coun-
terfactual reasoning to judge causality, but they use simple
syntactical means to determine what is a cause of an effect.
Finally, Govindarajulu and Bringsjord (2017) propose a gen-
eral framework to create or verify that an autonomous sys-
tem is compliant to the double doctrine principle. For this
purpose they introduce a very powerful logical formalism
called deontic cognitive event calculus. In particular, they
propose a formalization of the notion of means to an end
in a STRIPS framework, which we criticized earlier in this
paper.
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Interestingly, all papers mentioned above do not address
the issue that evaluating the moral permissibility might lead
to a counterfactual analysis that is combinatorial in nature.

Conclusions
In this paper, we formalized five ethical principles (utilitari-
anism, deontology, the do-no-harm and instrumental do-no-
harm principles, and the doctrine of double effect) in the
context of action sequences, as opposed to the more usual
way of studying them in the context of individual actions.
Only in this way we can analyze moral permissibility of en-
tire plans, since it is not sufficient to judge the moral permis-
sibility of each action in isolation, but also in the context of
the whole plan.

We exemplified and explained our formalizations using
classical moral dilemmas such as the trolley problem, and
identified how and for which reasons different principles
may arrive at different (or the same) conclusions. Further-
more, we studied the computational complexity of verifying
whether a given plan is permissible with respect to each of
the five investigated principles. We saw that, with respect
to our formalization, verification is PSPACE-complete for
utilitarianism, co-NP-complete for do-no-harm, for do-no-
instrumental-harm, and for the doctrine of double effect, and
that it is polynomial-time for deontology. It turned out that
verifying the do-no-harm principles involves a combinato-
rial reasoning over possible sets of actions that lead to harm
or that may be instrumental towards achieving a goal condi-
tion, which makes verifying those ethical principles surpris-
ingly hard.

We believe that our work has the potential of being useful
in making autonomous systems ethically competent by pro-
viding them with the capability of coming up with morally
permissible plans or at least being able to judge ethical per-
missibility of given plans. Based on the framework devel-
oped in this paper, a planning system will be able to explain
to a human user why it preferred one plan over another, if
the reason for this preference is that the less preferred plan
is morally problematic with respect to one or more of the
five ethical principles we formalized.
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Abstract

An important issue in deploying an autonomous system is
how to enable human users and stakeholders to develop an
appropriate level of trust in the system. It has been argued that
a crucial mechanism to enable appropriate trust is the ability
of a system to explain its behaviour. Obviously, such expla-
nations need to be comprehensible to humans. We argue that
it makes sense to build on the results of extensive research
in social sciences that explores how humans explain their be-
haviour. Using similar concepts for explanation is argued to
help with comprehensibility, since the concepts are familiar.
Following work in the social sciences, we propose the use of
a commonsense-psychology model that utilises beliefs, de-
sires, and “valuings”. We propose a formal framework for
constructing explanations of the behaviour of an autonomous
system, present an (implemented) algorithm for giving expla-
nations, and present evaluation results.

Introduction
This paper addresses the problem of how an autonomous
system can explain itself by developing a computational
mechanism that provides explanations for why a particu-
lar action was performed. It has been argued (EU 2016;
Winikoff 2017; Gunning 2018) that in a range of domains, a
key factor in humans being willing to trust autonomous sys-
tems is that the systems need to be able to explain why they
performed a certain course of action.

The problem this paper therefore addresses is how an
autonomous system can provide an explanation for why it
chose a particular course of action. Specifically, we develop
a computational mechanism that provides explanations for
why a particular action was performed.

In developing such an explanation mechanism, it is impor-
tant to be mindful that the explanations have to be compre-
hensible, and useful, to a human, and therefore we should
consider relevant social sciences literature (Miller 2017).
According to Miller (2017) explanations should be con-
trastive i.e. answer questions of the form “why did you do
X . . . instead of Y ?”; selected, i.e. select relevant factors
and present those; and, social, i.e. presented relative to what
the explainer believes the listener1 (i.e. explainee) knows.

1In the remainder of the paper, we use the term listener to refer
to the one who is given the explanation.

That is, explanations, being in fact conversations, should fol-
low Grice’s maxims of quality, quantity, manner and rele-
vance (Grice 1975).

In our work we consider in particular the work of
Malle (2004), which argues that humans use commonsense
psychological constructs (e.g. beliefs, desires) to explain
behaviour. This leads us to adopt an agent model that in-
cludes desires and beliefs, specifically the well-known BDI
model (Rao and Georgeff 1992; Bratman, Israel, and Pollack
1988; Bratman 1987). Malle identifies three types of reasons
in explaining behaviour: desires, beliefs, and what he terms
valuings, defined as things that “directly indicate the posi-
tive or negative affect toward the action or its outcome”. We
therefore extend the BDI model with valuings, following re-
cent work by Cranefield et al. (2017) (cf. Section “Running
Example”). This framework (described below) includes be-
liefs, desires, and valuings, and is the setting for our expla-
nation algorithm. We contend that providing explanations in
terms of the same concepts used in human-to-human expla-
nations will help enable explanations to be comprehensible.

Formal Setting
In this paper, we assume that the listener assumes a goal tree
model as the deliberation mechanism of the BDI agent.

A goal tree2 is a tuple (N ,G) of a name N , and either
an action3 (A, with associated pre and post conditions), or
a combination of sub-goals (Ni, Gi), which can be in se-
quence (SEQ), unspecified order (AND), or a choice (OR)
between optionsOi, where each optionOi = (Ci, (Ni, Gi))
has a sub-goal and a condition Ci indicating in which sit-
uations that sub-goal can be selected to realise the par-
ent goal. We write (G1-n) (resp. (O1-n)) to abbreviate
((N1, G1), . . . , (Nn, Gn)) (resp. (O1, . . . , On)). We also
sometimes abbreviate (N,G) to GN for readability, and,
where the name is not important, just write G for GN .

Formally we define a goal tree G as:

G ::= A| SEQ(G1-n) | AND(G1-n) | OR(O1-n)

2We use “goal” to be consistent with the literature. Space pre-
cludes a discussion of the subtle distinction between “desire” and
“goal”.

3For actions we assume that the name of the goal tree node and
the name of the action coincide, i.e. that A = N .
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Intuitively, a goal tree is executed as follows. If the tree
is simply an action, then the action is performed (assuming
its preconditions hold). If the tree is an AND or SEQ decom-
position, then all of the sub-goals are executed, either in the
specified sequential order (SEQ), or in some, unspecified,
order. Finally, if the tree is an OR decomposition, then an
applicable option (i.e. one whose condition Ci is believed to
hold in the current situation) is selected and executed. Many
BDI platforms provide a way to handle failure, which we
discuss later in the paper.

The formal semantics of a goal tree is obtained by map-
ping it to a sequence of actions. A goal tree can yield mul-
tiple such sequences, so formally J(N,G)K is a set of se-
quences of actions with the expectation that each sequence
of actions achieves the goal.

We extend goal trees with valuings. The semantics of
valuings is based on the theory of values as put forward by
Schwartz (2012). In Weide (2011) it is shown how these
abstract values can be connected to concrete aspects of ac-
tion decision. Following Cranefield et al. (2017) we incor-
porate them by annotating nodes in the goal tree with an
abstract evaluation of key aspects of their effects. By “key
aspects” we mean those that are relevant to the agent evaluat-
ing which options it prefers, that is, its valuings. The agent’s
valuings, i.e. which options it appreciates more or less, are
specific to a given situation. They are founded on the agent’s
values, which are the underlying drivers. In Cranefield et
al. (2017) it is shown how these valuings can be kept con-
sistent and work for large goal-plan trees. Due to space re-
strictions we do not repeat that part in this paper, but just
assume the valuings to be present and indicating consistent
preferences over alternatives.

For example, an agent might value good coffee, saving
money, and saving time. These aspects are the measurable
criteria indicating whether a certain value is promoted by a
course of action. However, as already can be seen by the fact
that we have multiple aspects (thus creating a kind of multi-
criteria optimization), they do not completely determine the
agent’s valuing. E.g. an agent might prefer good coffee over
bad coffee, but decide to get bad coffee for free at the end of
the month when his salary runs out and get good coffee once
his salary is in. So, the weighting of the different aspects and
thus the resulting valuings might not be fixed, but depend on
the context. Also he might prefer the best coffee from the
shop, but not want to spend much time to get it when he is
finishing a paper for a deadline. Thus, in general a valuing
(or preference) for an option is based on the values, but also
on the current situation and practical considerations.

Finally, we note that not all of the information that we
use would necessarily need to provided by the designer. For
instance, action postconditions and preconditions could per-
haps be learned from observation. By defining actions in
terms of their pre and post conditions we can view them ba-
sically as black boxes.

Running Example: Getting Coffee
Jo is an academic visiting colleagues at another university.
Like many academics, he requires coffee. There are a num-
ber of possible sources of coffee: The little kitchen near

Ann’s office has coffee-like-substance freely available, but
this machine requires a staff card to operate. Ann has in her
office a coffee machine which converts pods into nice coffee.
There is also a coffee shop a few buildings away, where good
coffee can be obtained, at a (financial) cost. Jo prefers cof-
fee to coffee-like substances, which is the over-riding pref-
erence. Less-important preferences are to save money, and
to use the nearest coffee source. Therefore the three relevant
quality attributes are (in order): quality (coffee preferred to
coffee-like), money (free preferred to expensive), and loca-
tion (smallest distance from starting location). We assume
that an observer, not aware of Jo’s preferences, will require
an explanation concerning Jo’s actual choice.

As noted earlier, we follow (Cranefield et al. 2017) in cap-
turing valuings as annotations. In this case each annotation
Vi is of the form (coffee quality, cost, distance), respectively
drawn from {veryGood, good, bad}, {none, low, high}, and
{none, low, medium, high} where the office and kitchen are
close to each other (“low” distance), and the shop is far from
both kitchen and office (“high” distance).

Figure 1 shows a goal tree for obtaining coffee in the set-
ting of this running example. The figure also shows the pre-
and post-conditions, and the valuing annotations. We use
dist(L1, L2) to denote the distance between locations L1

and L2.

Generating Explanations
As discussed in the introduction, an explanation is given in
terms of reasons which can be desires (goals), beliefs, or
valuings. More precisely, an explanation is either ⊥ (repre-
senting that the question does not make sense, e.g. “why did
you do X?” when X was not done), or a set of explanatory
factors. Factors can be beliefs that were held (i.e. logical for-
mulae, Condition), desires that were pursued, and valuings.
Valuings are explained as “I preferred V to {V1, . . . , Vn}”.
We also have forward-looking explanatory factors of the
form “I did N1 in order to be able to later do N2” (N1 7→
N2). Finally, as discussed towards the end of this section,
one possible type of explanatory factor is an indication that
a particular option was attempted but failed. For example, “I
chose to get coffee from the kitchen because I tried to buy it
from the shop but failed” (e.g. shop was closed). Finally, we
also define > to be an explanation that carries no informa-
tion. Clearly, > is not a useful explanation to a user, but it is
used in the formal definitions below where some parts of the
process do not provide any useful information. Formally an
explanation X can be defined as:

X ::= ⊥ | {X ′1, . . . , X ′n}
X ′ ::= Condition | {V1, . . . , Vn} ≺ V | Desire N

| N1 7→ N2 | Tried N | >
We now define an explanation function which explains

why a particular action was done. The definition of the ex-
planation function E is with respect to the goal-tree and ob-
served behaviour trace. Specifically, ET

N (GN ′) is “explain
N using the tree (N ′, G) and trace (T )”. We define n(G)
as denoting the set of all node names occurring in the tree
rooted at G. We define T≺N to be the part of the trace T
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getcoffee(start,end)

C1:getKitchenCoffeeV1 SEQ↓

getStaffCard
ownCard :getOwnCard

colleagueAvailable:
getOthersCard

goto(kitchen)

getCoffee(kitchen)

C2:getOfficeCoffeeV2 SEQ↓

goto(Office)

getPod

getCoffee(office)

C3:getShopCoffeeV3 SEQ↓

goto(shop)

getCoffee(shop)

pay(shop)

C1 = staffCardAvailable

V1 = (bad, none, dist(L, kitchen))

C2 = AnnInOffice

V2 = (good, none, dist(L, office))

C3 = haveMoney

V3 = (veryGood, high, dist(L, shop))

pre = ownCard
post = haveCard

pre = colleagueAvailable

post = haveCard

pre = at(shop)

pre = haveCard ∧ at(kitchen)

pre = AnnInOffice

pre = havePod ∧ at(office)

post = havePod

pre = haveMoney

post(getCoffee(X))
= haveCoffee

post(goto(X)) = at(X )

Figure 1: Running Example

that occurs before N , and we overload set membership to
operate on the trace T which is a sequence of names. Note
that ifN 6∈ T then we simply defineET

N (G) = ⊥, otherwise
the rest of the definitions below apply.

ET
N (GN ′) = ⊥ , if N 6∈ T

ET
N (AN ′) =

{
{} if pre(A) = >
{pre(A)} otherwise

ET
N (AND(Gi)N ′) = Ω

ET
N (SEQ(Gi)N ′) = Ω

ET
N (OR(Oi)N ′) =

{
Ω ∪Θ if N ∈ n(Gi)
Ω otherwise

where Ω =
⋃

Gi:n(Gi)∩T≺N 6=∅
ET

N ((Ni, Gi))

and Θ = pref (Oi, {O1, . . . , On})

The function E collects explanation factors by traversing
the relevant parts of the goal tree. A part of the goal tree is
relevant if it occurs in the execution trace before beginning
the process of executing the node N that is being explained.
Simply, if something occurs before N , then it can affect N .
This relevance condition is checked in the definition of Ω:
Gi : n(Gi)∩T≺N 6= ∅ finds all sub-goalsGi which contain
at least some node that appears in the prefix of the trace T
before N .

In the case of an action A the explanation collected is the
action’s precondition. This is because whether the precon-
dition holds or not affects the execution of the action, and
consequently, of whatever comes after it.

In the case for SEQ and AND the explanation collected is
simply the explanation associated with the sub-goals.

In the case for OR there is an additional explanation re-
lating to why the particular option taken was chosen. This

is defined by the function pref which provides an expla-
nation for why the selected option, Gi, is preferred to the
other options. The definition of pref is complex. Intuitively,
given a choice-point (N,OR(O1, . . . , On)), where Gi was
selected the explanation consists of three parts (recall that
Oj = (Cj , Gj) where Cj is a condition):

1. the condition of the selected sub-goal being true (“Ci”);

2. for each condition Cj (j 6= i) that is false at the deci-
sion point4, the explanation includes that the condition
was false: ⋃

Cj :B(N)6|=Cj

¬Cj

3. for each condition Cj (j 6= i) that is true at the decision
point, the annotations of those sub-goals, and an indica-
tion that the selected sub-goal was preferred to the other
available sub-goals5 in the current situation:

{Vj | j 6= i ∧ B(N) |= Cj} ≺ Vi
We then define pref (Oi, {O1, . . . , On}) as the union of the
above three parts: pref (Oi, {O1, . . . , On}) = {Ci} ∪(⋃

Cj :B(N)6|=Cj
{¬Cj}

)
∪ {{Vj | j 6= i ∧ B(N) |= Cj} ≺

4B(N) stands for the beliefs of the agent just prior to the exe-
cution of the goal tree (N,G). Note that recording, and retrieving,
a history of beliefs during execution can be done efficiently (Koe-
man, Hindriks, and Jonker 2017).

5This is one place where the details of the BDI model matter. If
the children of OR nodes are considered in a particular order and
the BDI model is being used post-hoc, then instead of considering
j 6= i we only consider options that appear earlier, i.e. j < i. If the
BDI model is being used to both generate and explain behaviour
then, assuming the implementation captures which options were
considered when Oi was selected, we would only consider those
options that were considered in the explanation.
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Vi} where we define {} ≺ Vi to be equivalent to >, in other
words, we do not generate that part of the explanation if
there actually was no alternative option.

Consider as an example the situation in which C2 is false,
and the other Ci are true. Then the preference explanation
for why C3 was chosen is: {C3,¬C2, {V1} ≺ V3}. in other
words: “I chose to get coffee from the shop because I had
money, and Ann was not in her office, and I prefer V3 to V1
in this situation”. On the other hand, in a situation where all
Ci are true and C3 is selected, the explanation would take
the form: {C3, {V1, V2} ≺ V3}, in other words: “I chose to
get coffee from the shop because I had money, and I prefer
V3 to both V1 and V2 in this situation”.

Note that these explanations just present the set of annota-
tions, indicating an overall preference between them. How-
ever, we could provide more precise explanations by taking
into account the known priorities of factors, e.g. that coffee
quality is the overriding factor, followed by money, then dis-
tance. So, for example, for the first example above, we could
explain more precisely that the reason why V3 was preferred
to V1 is that it yields better quality coffee. Similarly, for the
second example, we could explain that V3 was preferred to
both V1 and V2 because the coffee quality was better (despite
V2 being good coffee and cheaper than V3).

On the other hand, suppose that the second option (office
coffee) was selected, even though all three Ci were true. In
this situation, in order to explain why {V1, V3} ≺ V2 we
would need to use two factors. We could note that V2 was
preferred to V1 because it had better coffee, and, perhaps,
that it was preferred to V3 because cost was a factor at this
point in time.

Adding Preparatory Actions
We now extend the definition to also include preparatory ac-
tions. For example, an explanation for “why did you go to
the kitchen?” could also be “because I need to be in the
kitchen in order to get coffee”. This is where an action’s
post condition is (part of) the precondition of a future ac-
tion. Specifically, a preparatory reason applies to explain an
action A when (i) the post-condition of A is required in or-
der for the pre-condition of another action A′ to hold, and
(ii) A occurs before A′. We now need to formalise these two
conditions.

For the first condition, i.e. that the post-condition of A
is required for the pre-condition of A′ to hold, an ob-
vious formalisation is simply post(A) → pre(A′). But
A’s post condition may be only part of the pre-condition.
For example, the action getPod only achieves havePod, so
post(getPod) 6→ pre(getCoffee(office)). We therefore for-
malise “required” as “without it, things don’t work”, i.e. if
A’s post-condition fails to hold, then the pre-condition of
A′ also must fail to hold: (¬post(A)) → (¬pre(A′)). This
assumes that post(A) 6= >. In our setting, where pre and
post conditions are conjunctions of positive atoms, this is
equivalent (viewing the conjunctions as sets) to post(A) 6=
∅ ∧ post(A) ⊆ pre(A′).

The second condition (A beforeA′) holds exactly whenA
and A′ have a common ancestor that is a SEQ node, where

the sub-tree containingA occurs before the sub-tree contain-
ing A′. Formally:

before(A,A′) ≡ ∃N = SEQ(G1−n) :

A ∈ n(Gi) ∧A′ ∈ n(Gj) ∧ i < j

Combining, we therefore have:

link(A,A′) ≡ before(A,A′) ∧
post(A) 6= ∅ ∧ post(A) ⊆ pre(A′)

We then extend the explanation with preparatory action
explanations: when explaining an action A given goal tree
G and trace T , we add to the explanation the set of links
A 7→ A′ where A′ ∈ n(G) ∧ link(A,A′). So, for ex-
ample, an alternative explanation for why the agent per-
formed the action getPod is that it was required for the sub-
sequent getCoffee(office) action. Finally, in order to con-
sider preparatory actions between goals, we follow previ-
ous work on summary information (Thangarajah, Padgham,
and Winikoff 2003a; 2003b; Visser et al. 2016), and extend
pre and post conditions to intermediate goals, inferring them
(details omitted due to space).

Adding Motivations
Finally, we also add explanations in terms of parent goals:
these are desires that explain why the current course of ac-
tion is being pursued.

This factor is simple: we also include in the explanation
all the ancestors of the node being explained. However, we
do not include ancestors that are OR refined, since these are
not helpful. In explaining why a particular option was done,
for instance why getOwnCard was done, it is not helpful to
refer to the parent, getStaffCard.

Pulling all the pieces together, the overall explanation
function is then:

ETN (GN ′) = ET
N (GN ′) ∪
{N 7→ N ′′ | N ′′ ∈ n(G) ∧ link(N,N ′′)}
∪ {Desire(N ′′′) | ancestor(N ′′′, N)

∧¬isOR(N ′′′)}
For example, given the scenario described, in a situation

where C1 and C3 hold, but not C2, the possible factors
that could be used to explain why the agent did goto(shop)
are (assuming a starting location at the shop): {haveMoney,
¬AnnInOffice, {〈bad, none, high〉} ≺ 〈 veryGood,high,
none〉, goto(shop) 7→ getCoffee(shop), Desire: getShopCof-
fee}. In English, these are: I had money, Ann was not in her
office, I preferred V3 to V1 (perhaps because it yields bet-
ter quality coffee), I needed to go to the shop in order to do
getCoffee(shop), and I desired to getShopCoffee.

Adding Failure Handling
We now extend the explanation mechanism to handle fail-
ure handling. Informally6, actions can fail, and the failure of
a node is handled by considering its parent. If the parent is
a SEQ or a AND then it too is considered to be failed, and

6Space precludes a full formal definition.
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failure handling moves to consider that node’s parent. When
an OR node is reached, failure is handled by trying an alter-
native plan (if one exists, otherwise the OR node is deemed
to have failed). We assume that we know which actions in
the trace are failed (denoted failedT (A)). Then the condi-
tion under which a non-leaf node is considered to be failed
is defined as:

failedT (AND(G1−n)) =
∨

1≤i≤n
failedT (Gi)

failedT (SEQ(G1−n)) =
∨

1≤i≤n
failedT (Gi)

failedT (OR(O1−n)) =
∧

1≤i≤n
failedT (Gi)

Extending the explanation to account for the possibility
of previous failures is done by defining an extended pref
function. Note that the definition of the explanation function
E is unchanged, except that in the definition of the recursive
call, Ω, we exclude failed nodes:

Ω =
⋃

Gi:n(Gi)∩T≺N 6=∅∧¬failedT (Gi)

ET
N ((Ni, Gi))

Turning to pref recall that the definition of pref has three
components: the condition of the selected sub-goal being
true, the conditions of those (other) sub-goals that are false,
and, for those other sub-goals that have true conditions, a
preference indication.

We modify the second and third components by
only considering those sub-goals that have not yet
been attempted. So, instead of the second com-
ponent being

⋃
Cj :B(N) 6|=Cj

¬Cj we modify it to⋃
Cj :B(N)6|=Cj∧¬failedT (Gj)

¬Cj Similarly, we modify
the third component to:

{Vj | j 6= i ∧ B(N) |= Cj ∧ ¬failedT (Gj)} ≺ Vi
Finally, we add a fourth component that explains those
things that have been previously attempted. Intuitively, this
is of the form “. . . and I already unsuccessfully tried doing
Gj”. Formally we have:

{Tried(Gj) | j 6= i ∧ failedT (Gj)}
To illustrate this definition, consider a situation where Jo

has decided to getOfficeCoffee, but by the time he reaches
Ann’s office, Ann has had to leave for a meeting. The plan
therefore fails, and Jo then recovers by electing to go to the
shop. In response to the query “why did you getShopCof-
fee?” the explanation given is “{haveMoney, {〈bad, none,
low〉} ≺ 〈 veryGood, high, high〉, Tried:getOfficeCoffee}”
which can be rendered in English as “because I have money,
I prefer good coffee to bad coffee, and because I tried (and
failed) to get pod coffee”.

Evaluation
There are two broad questions that concern evaluation of
this work. The first is whether the explanations provided are
comprehensible and useful to a human user. The second is
whether the approach is sufficiently efficient.

Evaluation of Usability
In order to assess the comprehensibility and usability of the
explanations generated, as well as provide guidance to future
work on selecting explanations, we conducted a preliminary
human participant evaluation.

However, before proceeding to present the evaluation, we
make three observations. Firstly, and most importantly, our
mechanism is informed by extensive research in social sci-
ences, and uses concepts that we know humans use when
explaining behaviour. That our explanations are couched in
terms of familiar concepts suggests that the explanations are
likely to be comprehensible. Secondly, we gave earlier a
number of explanations generated for the running example.
We argue that these explanations are both comprehensible
and useful. In particular, we note that explanations are not
excessively long, and, furthermore, that explanations are not
excessively complex. What these examples do not, and can-
not, show, is the extent to which explanations remain com-
pact and comprehensible for larger examples. However, we
note that we have not yet developed a selection mechanism.
We know (Miller 2017) that humans give selected explana-
tions, rather than complete explanations. Providing a selec-
tion mechanism would help ensure that explanations remain
compact even with larger domains. Thirdly, as it can be seen
in the evaluation described below, we use natural language
sentences. The implementation of the algorithm described
in the previous section was used to generate the complete
explanation, including all factors, (beliefs, valuings, goals).
These were manually converted to natural language. The fo-
cus of current work is the generation of formalized expla-
nations from a goal-plan tree, and not generation of the cor-
responding sentences in natural language. Given the formal
syntax of the explanations generated by the algorithm, it is
straightforward to use patterns to map explanations to natu-
ral language.

Our evaluation took the coffee scenario described and ad-
ministered a survey. Note that we focused on evaluatingET

N ,
and did not include in the explanations either preparatory ac-
tions (links) or parent goals (except for the fifth explanation
- see below).

Participants were recruited on Mechanical Turk and paid
US$0.50 for an estimated 5 minute survey. Each participant
was provided with a brief description of the scenario and
an indication of what behaviour was observed. Participants
were divided into three cohorts, each of which was given a
different observed behaviour. The allocation to cohorts was
random.

We obtained 109 responses, comprising 42 in Cohort 1,
37 in Cohort 2, and 30 in Cohort 3. Participants were 28 fe-
males and 81 males. Their highest level of education was
high school (22), bachelors (63), and master / graduate de-
gree (21). One person had not completed high school and
two respondents had PhDs. Finally, around 35% had some
experience with programming (38 out of 109).

Each cohort was given five possible explanations for the
observed behaviour. The first explanation combined valu-
ings and beliefs, and corresponds to theET

N function defined
earlier (indicated with “V+B” below). The second and third
explanations are solely in terms of valuings: one is abstract
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Cohort 1 Cohort 2 Cohort 3
Believ. Accept. Compr. Believ. Accept. Compr. Believ. Accept. Compr.

E1 3.929 3 4.071 2 3.976 2 3.649 3 3.811 2 4.027 3 3.933 1 4.200 1 3.867 2
E2 3.095 5 3.286 5 3.714 4 3.892 1 3.892 1 4.054 2 2.500 5 2.767 5 3.200 5
E3 4.190 1 4.238 1 4.286 1 3.865 2 3.811 2 4.243 1 3.933 1 4.167 2 4.167 1
E4 3.857 4 3.500 4 3.690 5 2.973 5 3.000 5 3.108 5 3.567 4 3.600 4 3.567 3
E5 3.976 2 3.857 3 3.976 2 3.541 4 3.595 4 3.568 4 3.600 3 3.733 3 3.533 4
p = 0.00026 0.000013 0.038 0.0013 0.0047 0.00013 .000029 0.000025 0.034

Figure 2: Believability, Acceptability, and Comprehensibility average scores (1=very bad, 5=excellent).

(AV), just saying “This is the best possible coffee available”,
and the second is concrete (V), with a specific explanation
(see below). The fourth candidate explanation provides only
relevant beliefs (B). The fifth candidate explanation gives the
goal, and the beliefs that enabled the specific behaviour that
was selected, which is the explanation mechanism proposed
by Harbers (Harbers 2011) (G+B).

For example, in the case where the colleague’s machine
was selected (Cohort 1), the five explanations given are:
(E1) “This is the best possible coffee available; I had no

money.” (V+B)
(E2) “This is the best possible coffee available.” (AV)
(E3) “This coffee is better than the kitchen and cheaper than

in the shop.” (V)
(E4) “I’ve no money; Ann was in her room.” (B)
(E5) “I wanted coffee; Ann was in her room.” (G+B)
In the case where the coffee shop is selected (Cohort 2), the
five explanations are:
(E1) “This is the best possible coffee available; I had

money.” (V+B)
(E2) “This is the best possible coffee available.” (AV)
(E3) “This is the best quality coffee.” (V)
(E4) “I’ve money; Ann was away.” (B)
(E5) “I wanted coffee; I had money.” (G+B)
In the case where the kitchen is selected (Cohort 3), the five
explanations are:
(E1) “This is the cheapest coffee; Ann was away.” (V+B)
(E2) “This is the best possible coffee available.” (AV)
(E3) “This coffee is cheaper than in the shop.” (V)
(E4) “I’ve a card; Ann was away.” (B)
(E5) “I wanted coffee; I’ve a card.” (G+B)

For each possible explanation, the participants were asked
to score the explanation in terms of three criteria: believ-
ability (“I can imagine someone giving this answer”), ac-
ceptability (“This is a valid explanation of Jo’s choice”), and
comprehension (“I understand the text of this explanation”).
Each score was on a five-point Likert scale from “very bad”
(1) to “excellent” (5). Participants were also asked to rank
the five candidate explanations by order of preference, from
most preferred (rank 1) to least preferred (rank 5). Finally,
participants were also asked whether they felt that further

Average Ranking and
Expla- Implied Collective Ranking
nation Cohort 1 Cohort 2 Cohort 3
E1 2.7857 2 2.5135 1 2.0667 1
E2 3.5714 5 2.5676 2 3.7333 5
E3 2.5238 1 2.7297 3 2.5667 2
E4 3.1429 4 4.1622 5 3.1667 3
E5 2.9762 3 3.027 4 3.4667 4
p = 0.011 0.00000074 0.000016

Figure 3: Rankings for the three Cohorts and five Explana-
tions.

explanation was required, and, if so, what form it should
take (e.g. providing source code, entering a dialogue with
the system). Finally, we also collected demographic infor-
mation.

Figure 2 shows for each cohort and each explanation the
average score for each of the three criteria. The figure also
shows the implied ranking. For example, for Cohort 1 and
Believability, the third explanation (E3) had the best (high-
est7) average score, and therefore collectively E3 is ranked
best for Believability by this cohort. For each of the three
criteria and three cohorts a statistical test8 confirms there is
a difference amongst the explanations for that cohort9.

Figure 3 shows for each explanation (E1 to E5) and for
each cohort the average ranking, which is the average of
each explanation’s ranking. Note that the most preferred
rank is 1, and the least preferred is 5, so a lower aver-
age ranking is a more preferred explanation. The table also
shows for each explanation and cohort the preferred order
of explanations implied by the average ranking (the implied
collective ranking). For example, for cohort 1, explanation
3 had the lowest average ranking, and is therefore the most
preferred explanation. A statistical test confirms that there
are differences between the explanations’ scores for each of
the cohorts (as before, all p values are < 0.05). Post-hoc
tests (Mann-Whitney, with Holm correction), find that the
ranking differences are significant between E1-E2, E2-E3

7Recall that 1 = very bad, and 5 = excellent.
8Kruskal-Wallis, since data is not expected to be normally dis-

tributed.
9All p values are < 0.05 and hence significant, space precludes

presentation of the post-hoc tests, a sequence of pair-wise Mann-
Whitney tests, with Holm adjustment to reduce Type I errors, which
find that some of the pairwise differences are significant.
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(Cohort 1), E4 and all other explanations (Cohort 2), and
between E1-E2, E1-E4, E1-E5, E2-E3, E3-E5 (Cohort 3).
Space precludes detailed discussion.

Considering the question of whether the explanation given
would be adequate, or whether additional information would
be desired, 69% of Cohort 1, indicated that no further expla-
nation would be required (with the remaining responses ask-
ing for a dialogue (19%) or source code (12%)). For Cohort
2 these figures were respectively 54% (no further explana-
tion), 22% (dialogue), 19% (source code), and for Cohort 3
they were 63%, 20% and 17%.

Overall, explanations 1 and 3 were considered as being
better than the other explanations, and that, except for Co-
hort 2, explanation 2 was seen as being the worst. Since ex-
planations 1 and 3 both include valuings, this finding sup-
ports the key thesis of this paper, that valuings are important
to provide useful explanations. Furthermore, for Cohorts 2
and 3, E1 was preferred to E3, indicating that valuings alone
were not sufficient.

Evaluation of Efficiency
We now turn to efficiency. We observe that the explanation
has three components: the reasons calculated by the func-
tion ET

N (G), the links between nodes, and parent goals. The
last is simple to compute, involving merely traversing the
tree upwards from the node being queried (i.e. O(logN)
where N is the number of nodes in the goal tree). The sec-
ond, the links, only depend on the static structure of the
tree (i.e. which nodes precede other nodes), and on the pre
and post conditions, and therefore can be computed ahead
of time. This does assume that pre and post conditions are
specified ahead of runtime. If this is not the case, then a
runtime calculation is required, which involves checking pre
and post conditions for every pair of nodes that precede each
other. Given a tree withN nodes, there are obviously at most
O(N2) such pairs, and the check is O(1) (we assume that
each node’s pre and post conditions do not become longer
as the tree grows).

Turning now to the explanation function E, we observe
that the function basically traverses the tree from root to
leaves. For each non-leaf node it checks which of the child
nodes contain at least one node that is in the trace prefix
(n(Gi) ∩ T≺N 6= ∅). This check could be implemented by
first traversing the tree upwards, tagging each node Gi with
its n(Gi), and then checking for intersection between n(Gi)
and T≺N . Since for each node the size of n(Gi) is a function
of the number of nodes beneath it, i.e. O(N), computing the
intersection (assuming indexing on T≺N ) for a single node
is O(N), and for the whole tree it would be10 O(N2). Fi-
nally, for each OR node, there is an additional calculation of
pref which is proportional to the number of children and the
size of conditions, both of which we assume is effectively a
constant, i.e. does not grow with N . Therefore calculating
ET

N is O(N2).
In order to empirically assess the actual runtime re-

quired, and the algorithm’s scalability, we have conducted

10However, the prototype implementation does not tag nodes, so
it recomputes n(Gi), leading to higher computational complexity.

an experimental evaluation on generated trees. The gener-
ated trees have the following structure: T 0 = A and
T d+1 = ORN (O1−j) where Oi = (c, SEQNi

(T d
1−k)). In

other words, a generated tree of depth 0, denoted T 0, is just
an action A (with a new unique name), and a generated tree
of depth d+1 is a disjunction of j options, where each option
Oi has the same fixed condition c, and a sequential compo-
sition of k trees of depth d. All nodes have unique names.
Note that the number of nodes in a tree with branching fac-
tors j and k and depth d can be calculated as: n(j, k, 0) = 1
and n(j, k, (d+ 1)) = 1 + j + (j × k × n(j, k, d)).

For the efficiency evaluation various values of j, k and d
were systematically generated, and the number of nodes in
the tree and the time taken to compute ET

N were recorded.
The experiments were done using the GHC Haskell imple-
mentation (version 8.2.1) running on a 3.2 GHz Intel Core
i5 iMac with 16 GB RAM running OSX 10.10.3.

0 500 1,000 1,500 2,000 2,500 3,000

0

2

4

6
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Figure 4: Time in seconds (Y) vs. number of nodes (X)

Figure 4 shows a scatter plot11 of runtime (Y axis, in sec-
onds) against the number of nodes in the tree (X axis). It is
worth emphasising that the core of the Haskell implementa-
tion is a direct transliteration of the equations earlier in this
paper. While this ensures that the implementation matches
the paper, there are clear, and substantial, opportunities to
improve efficiency.

As can be seen, for relatively small trees (fewer than 1000
nodes) the explanation generation, even with an unoptimised
Haskell prototype, is clearly fast enough to be practical. It is
worth noting that real goal trees are not necessarily large. For
instance, the (real-world) application described by Burmeis-
ter et al. (Burmeister et al. 2008) has 57 nodes in its goal
tree.

11The time taken is affected not just by the number of nodes, but
also by the shape of the tree, so there can be a number of trees with
the same number of nodes and different time taken to compute the
explanation.
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Related Work
Miller (2017) surveys a broad range of work in the social
sciences. His key argument is that work on explainable AI
should take account of the work that has been done on hu-
man explanation of behaviour. We have already, in the in-
troduction, summarised his three key findings (that expla-
nations are contrastive, selected, and social). However, the
paper does not itself propose any specific explanation mech-
anisms, instead it provides a broad survey. In doing so, it
raises questions, poses challenges to the field of explainable
AI, and identifies various factors that affect the design of
explanation mechanisms. For example, that humans give ex-
planations of the behaviour of intentional entities in terms
of folk psychological constructs. Another example is the
importance of abnormality in explanations: a factor that is
unexpected, or abnormal, is more important in an explana-
tion, even though other explanatory factors might be closer
in time.

Harbers (2011), like us, assumes that a goal tree is given,
and defines a number of templates that can be used to explain
observed behaviour. Harbers’ templates provide a range of
possible explanations, e.g. explaining an action in terms of
its parent goal, or its grand-parent goal, or the next action
(corresponding to our links). She also conducted an empiri-
cal evaluation of the different templates in a given scenario.
It is worth noting that our approach strictly generalises Har-
bers’ approach, in that we include links, ancestor goals, and
relevant beliefs. In other words, every factor that is included
in explanations generated using Harbers’ templates is in-
cluded in E . Furthermore, Harbers does not take into account
other available alternatives, i.e. it explains why X was done
solely in terms of what allowed X to be done, and does not
mention anything relating to other available options. Finally,
we note that whereas Harbers just outlines the rules as brief
templates, we provide full formal definitions that have been
implemented.

An approach closer to our work is that of explanation as
model reconciliation, where the assumption is that in real-
istic scenarios humans have domain and task models that
differ significantly from that used by the agent (Chakraborti
et al. 2017). This assumption is supported by psychological
studies that observed that explanations are “typically con-
trastive... the contrast provides a constraint on what should
figure in a selected explanation...” (Lombrozo 2012). How-
ever, this approach does not link to the values/valuings, be-
liefs and desires of the human in the loop and is therefore
less adequate to connect to the reasons behind the decisions
taken in the process. Additionally, it assumes that we know
the human’s mental model, which is a fairly strong assump-
tion, and one that we do not make.

Finally, it is worth noting that the term “explaining” can
be applied to other things. In this paper we tackle the prob-
lem of an autonomous system explaining its behaviour to
a human observer. There is also work (e.g. (Milliez et al.
2016)) that considers an autonomous system (specifically
a robot) explaining a plan with a human collaborator. The
problem being addressed is different. In the work of Milliez
et al. there is a plan, and the explanation is of the next steps
that the human needs to perform. In our work the explana-

tion is of the observed behaviour, i.e. the past actions of the
software, rather than the immediate future actions of the hu-
man.

Discussion
We have argued that explaining the behaviour of au-
tonomous software could be done using the same concepts
as are used by humans when explaining their behaviour.
Specifically, we have followed the findings of Malle that
“Among the mental states that function as reasons, beliefs
and desires are most common, and there is a third class that
we might call valuings” (Malle 2004, Section 4.2.4).

This paper has proposed a formal framework, using BDI-
style goal-trees, augmented with value annotations. This for-
mal framework is then used to define an explanation func-
tion, which has been implemented. A human subject evalua-
tion has highlighted that, as expected based on the literature,
valuings are seen as being of value in explaining behaviour,
and, indeed, the option that corresponds to (part of) our ex-
planation function was collectively ranked as the best expla-
nation by two of the evaluation cohorts, and as second-best
by the remaining cohort.

However, there is scope for further empirical evaluation.
This would include using more scenarios, including the
other explanatory factors, and assessing not just the believ-
ability, acceptability and comprehensibility of explanations,
but more broadly assessing their effect on trust in the au-
tonomous system.

Stepping back to consider the bigger picture, we have
provided a mechanism for generating explanatory factors.
However, this is only part of the solution to the problem of
explaining behaviour. We know that humans select parts of
the explanation (Miller 2017). The next step in this research
is to define means for selecting parts of the possible explana-
tion. This would need to take into account what information
is available about the human asking for the explanation, for
instance, when a contrastive question of the form “why did
you doX rather than Y ?” is asked, we can interpret Y as the
expected behaviour, and look for factors that specifically ex-
plain the difference between the implied expected behaviour
of Y and the actual behaviour of X .

There is also scope to extend the representation (goal-plan
trees) in various ways, and to consider related notations such
as Behaviour Trees (Colledanchise and Ögren 2017), Hier-
archical Task Networks (Alford et al. 2016) (which extend
Hierarchical Goal Networks (Shivashankar 2015)), or Geib
& Goldman’s Plan Trees (Geib and Goldman 2009).

Finally, note that in our work we have assumed that expla-
nations are honest, in that they attempt to provide an accu-
rate representation of the reasons for the observed behaviour.
An alternative, which we eschew, is to consider dishonest
explanations that seek to present the agent in the best possi-
ble light.
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Abstract

In order to have effective human-AI collaboration, it is nec-
essary to address how the AI agent’s behavior is being per-
ceived by the humans-in-the-loop. When the agent’s task
plans are generated without such considerations, they may
often demonstrate inexplicable behavior from the human’s
point of view. This problem may arise due to the human’s
partial or inaccurate understanding of the agent’s planning
model. This may have serious implications from increased
cognitive load to more serious concerns of safety around a
physical agent. In this paper, we address this issue by mod-
eling plan explicability as a function of the distance between
a plan that agent makes and the plan that human expects it
to make. We learn a regression model for mapping the plan
distances to explicability scores of plans and develop an any-
time search algorithm that can use this model as a heuristic to
come up with progressively explicable plans. We evaluate the
effectiveness of our approach in a simulated autonomous car
domain and a physical robot domain.

1 Introduction
There is growing interest in applications that involve human-
robot collaboration. An important challenge in such human-
in-the-loop scenarios is to ensure that agent’s behavior is
not just optimal with respect to its own model, but is also
explicable and comprehensible to the humans in the loop.
Without it, the robot runs the risk of increasing the cogni-
tive load of humans which can result in reduced productiv-
ity, safety, and trust (Fan et al. 2008). This mismatch be-
tween the robot’s plans and the human’s expectations of the
robot’s plans may arise because of the difference in the ac-
tual robot model MR, and the human’s expectation of the
robot model MRH. For example, consider a scenario with
an autonomous car switching lanes on a highway. The au-
tonomous car, in order to switch the lane, may make sharp
and calculated moves, as opposed to gradually moving to-
wards the other lane. These moves may well be optimal for
the car and backed by the car’s superior sensing and steering
capabilities. Nevertheless, a human passenger sitting inside
may perceive this as dangerous and reckless behavior, in as
much as they might be ascribing the car the sort of driving
abilities they themselves have.

In order to avoid inexplicable behavior, the robot has to
take the human mental model into account and compute the

Figure 1: Schematic diagram of the first setting: Here a re-
gression model called explicability distance is learned to fit
plan scores assigned by humans to plan distances between
robot’s and human’s expected plans. This gives heuristic for
computing explicable plans.

plans that align with this model. As long as the robot’s be-
havior is aligned with the human mental model, the human
can make sense of it. Therefore, the objective of explicable
planning is to generate robot plans that not only minimize
the cost of the plan, but also the distance betweenMR and
MRH. Of course, an immediate question is, ifMRH is avail-
able to the robot, why is MR required in the plan genera-
tion process at all? We note that this is necessary since the
human mental model might entail plans that are not even
feasible for the robot or are prohibitively expensive, and
can thus at best serve as a guide, and not an oracle, to the
explicable plan generation process. In such scenarios, the
robot can choose to provide explanations about its inexpli-
cable behavior which help to communicate the model dis-
crepancies to the perplexed human (Chakraborti et al. 2017;
Langley 2016).

An important consideration in the computation of explica-
ble behavior is access to the human mental model,MRH. In
many domains, such as in household or factory scenarios),
there is generally a clear expectation of how a task should be
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performed. In such cases,MRH can be constructed following
the norms or protocols that are relevant to that domain. Most
deployed products make use of inbuilt models of user ex-
pectations in some form or the other. In the first setting, we
hypothesize that the plan distances (Srivastava et al. 2007;
Nguyen et al. 2012) can quantify the distance between the
robot plan πMR and the expected plans πMRH from MRH.
The domain modeler constructsMRH, which is then used to
generate expected plans. Then we compute the distance be-
tween plans fromMR andMRH. The test subjects provide
explicability assessments (scores reflecting explicability) for
robot plans. These scores are mapped to the precomputed
distances to derive an explicability distance. Then the plan
generation process uses explicability distance as a heuristic
to guide the search. This approach is illustrated in Figure 1.

In the following sections, we provide detailed method-
ologies to compute explicable plans in each of the settings.
We also present results on each setting using physical robot-
based domains.

2 Explicable Planning Problem
2.1 Classical Planning
A classical planning problem can be defined as a tuple
P = 〈M, I,G〉, whereM = 〈F ,A〉 is the domain model
(that consists of a finite set F of fluents that define the state
of the world and a set of operators or actionsA), and I ⊆ F
and G ⊆ F are the initial and goal states of the problem
respectively. Each action a ∈ A is a tuple of the form
〈pre(a), eff(a), c(a)〉 where c(a) denotes the cost of an ac-
tion, pre(a) ⊆ F is the set of preconditions for the action
a and eff(a) ⊆ F is the set of the effects. The solution
to the planning problem is a plan or a sequence of actions
π = 〈a1, a2, . . . , an〉 such that starting from the initial state,
sequentially executing the actions lands the agent in the goal
state, i.e. ΓM(I, π) |= G where ΓM(·) is the transition func-
tion defined for the domain. The cost of the plan, denoted as
c(π), is given by the summation of the cost of all the actions
in the plan π, c(π) =

∑
ai∈π c(ai).

2.2 Problem Definition
The problem of explicable planning arises when the robot
plan, πMR , deviates from the human’s expectation of that
plan, πMRH . Here πMR is the robot’s plan solution to the
planning problem, PR = 〈MR, IR,GR〉, where MR =
〈FR,AR〉; whereas, πMRH is the plan solution considering
the human mental model, such that, PRH = 〈MRH, IR,GR〉,
where MRH = 〈FR,ARH〉. The differences in the human
mental model can lead to different plan solutions. We now
formally define the explicable planning problem and the so-
lution to it.

Definition 1. The explicable planning problem is defined
as a tuple PEPP = 〈MR,MRH, IR,GR〉, where,

• MR = 〈FR,AR〉 is the robot’s domain model where
FR andAR represent the actual set of fluents and actions
available to the robot

• MRH = 〈FR,ARH〉 is the human’s mental model of the
robot model where FR and ARH represent the set of flu-
ents and actions that the human thinks are available to
the robot

• IR is the initial state of the robot
• GR is the goal state of the robot

Here AR and ARH represent that the action names, pre-
conditions, effects and costs of the actions can be different.
The initial state and the goal state are known to the human-
in-the-loop. In order to compute the difference between the
robot plan and the plan expected by a human, we need an
evaluation function that computes the distance in terms of
various aspects of the plan, like the action sequence, state
sequence, etc. Let’s denote such an evaluation function as
δ∗. The solution to an explicable planning problem is an ex-
plicable plan that achieves the goal and minimizes the model
differences while also minimizing the cost of the plan. We
now formally define it as follows:

Definition 2. (Zhang et al. 2017) A plan is an explicable
plan, π∗MR , starting at IR that achieves the goal GR, such
that, arg min

πMR
c(πMR) + δ∗(πMR , πMRH), where δ∗ is an

evaluation function.

Since the evaluation function is not directly available to
us, we learn an approximation of it using a combination
of three plan distances measures. In the following section,
we discuss our approach for learning the evaluation function
and computing explicable plans.

3 Proposed Methodology
In this section, we quantify the explicability of the robot
plans in terms of the plan distance between the robot plan
πMR and candidate expected plans πMRH from MRH. The
outline of our approach is illustrated in Figure 1. Our first
aim is to compute the plan distances between the robot plans
and the expected plans using plan distance measures. Then
we map the human explicability assessments (scores reflect-
ing explicability) of candidate robot plans to the plan dis-
tance measures in form of regression model called explica-
bility distance. The synthesis of explicable plans is achieved
by modifying the Fast-Downward (Helmert 2006) plan-
ner to incorporate an anytime search with explicability dis-
tance as the heuristic. This process results in incrementally
more explicable plans.

3.1 Background on Plan Distance Measures
We now briefly look at the three plan distance measures in-
troduced and refined in (Srivastava et al. 2007; Nguyen et
al. 2012), namely action, causal link and state sequence dis-
tances.

Action distance We denote the set of unique actions in
a plan π as A(π) = {a | a ∈ π}. Given the action sets
A(πMR) and A(π∗MRH

) of two plans πMR and π∗MRH
re-

spectively, the action distance is, δA(πMR , π
∗
MRH

) = 1 −
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|A(πMR )∩A(π∗MRH
)|

|A(πMR )∪A(π∗
MRH

)| . Here, two plans are similar (and hence

their distance measure is smaller) if they contain same ac-
tions. Note that it does not consider the ordering of actions.

Causal link distance A causal link represents a tuple of
the form 〈ai, pi, ai+1〉, where pi is a predicate variable that
is produced as an effect of action ai and used as a precondi-
tion for the next action ai+1. The causal link distance mea-
sure is represented using the causal link sets Cl(πMR) and

Cl(π∗MRH
), δC(πMR , π

∗
MRH

) = 1−
|Cl(πMR )∩Cl(π∗MRH

)|
|Cl(πMR )∪Cl(π∗

MRH
)| .

State sequence distance This distance measure finds the
difference between sequences of the states. Given two state
sequences (sR0 , . . . , s

R
n ) and (sH0 , . . . , s

H
n′) for πMR and

π∗MRH
respectively, where n ≥ n′ are the lengths of the

plans, the state sequence distance is, δS(πMR , π
∗
MRH

) =

1
n

[ ∑n′

k=1 d(sRk , s
H
k ) + n − n′

]
, where d(sRk , s

H
k ) = 1 −

|sRk ∩sHk |
|sRk ∪sHk |

represents the distance between two states (where

sRk is overloaded to denote the set of predicate variables in
state sRk ). The first term measures the normalized difference
between states up to the end of the shortest plan, while the
second term, in the absence of a state to compare to, assigns
maximum difference possible.

3.2 Explicability Distance
We start with a general formulation for capturing a measure
of explicability of the robot’s plans using plan distances. A
set of robot plans are scored by humans such that each action
that follows the human’s expectation in the context of the
plan is scored 1 if explicable (0 otherwise). The plan score
is then computed as the ratio of the number of explicable
actions to the total plan length.

Definition 3. A set of plans is a set of expected plans,
E(PRH ), for the planning problem PRH = 〈MRH, IR,GR〉,
is a set of optimal cost plans that solve PRH , E(PRH ) =

{π(i)

MRH
|i = 1, . . . , n}.

This set of expected plans consists of the plan solutions
that the human expects the robot to compute. But these plans
are not necessarily feasible in the robot model,MR.

Definition 4. A composite distance, δexp is a dis-
tance between pair of two plans 〈πMR , πMRH〉,
such that, δexp(πMR , πMRH) = ||δA(πMR , πMRH) +

δC(πMR , πMRH) + δS(πMR , πMRH)||2.

Among the set of expected plans, we compute a distance
minimizing plan as follows:

Definition 5. A distance minimizing plan, π∗MRH
,

is a plan in E(PRH ), such that for a robot plan,
πMR , the composite distance is minimized, π∗MRH

=

{πMRH | arg min
πMRH

δexp(πMR , πMRH)}.

Algorithm 1 Reconciliation Search
Input: PEPP = 〈MR,MRH, IR,GR〉, max cost, and ex-
plicability distance function Exp(. , .)
Output: EEPP

1: EEPP ← ∅ . Explicable plan set
2: open← ∅ . Open list
3: closed← ∅ . Closed list
4: open.insert(I, 0, inf)
5: while open 6= ∅ do
6: n← open.remove() . Node with highest h(·)
7: if n |= G then
8: EEPP .insert(π s.t. ΓMR(I, π) |= n)
9: end if

10: closed.insert(n)
11: for each v ∈ successors(n) do
12: if v /∈ closed then
13: if g(n) + cost(n, v) ≤ max cost then
14: open.insert(v, g(n) + cost(n, v), h(v))
15: end if
16: else
17: if h(n) < h(v) then
18: closed.remove(v)
19: open.insert(v, g(n) + cost(n, v), h(v))
20: end if
21: end if
22: end for
23: end while
24: return EEPP

Definition 6. An explicability feature vector, ∆, is a three-
dimensional vector, which is given with respect to a dis-
tance minimizing plan pair, 〈πMR , π∗MRH〉, such that, ∆ =

〈δA(πMR , π
∗
MRH

), δC(πMR , π
∗
MRH

), δS(πMR , π
∗
MRH

)〉T .

We approximate the evaluation function, δ∗, using a com-
bination of the three plan distance measures as follows:

Definition 7. The explicability distance function
Exp(πMR / π∗MRH

), is a regression function, f, that
fits the three plan distances to the total plan scores, with b
as the parameter vector, and ∆ as the explicability feature
vector, such that, Exp(πMR / π

∗
MRH

) ≈ f(∆, b).

A regression model is trained to learn the explicability
assessment (total plan scores) of the users by mapping this
assessment to the explicability feature vector which consists
of plan distances for corresponding plans.

3.3 Plan Generation
In this section, we present the details of our plan generation
phase. We use the learned explicability distance function as
a heuristic to guide our search towards explicable plans.

Reconciliation Search
Given an explicable planning problem PEPP =
〈MR,MRH, IR,GR〉, the set of explicable plans in
MR are defined as, EEPP = {π∗(i)MR |i = 1, . . . ,m}, such
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that, each π
∗(i)
MR is found by performing reconciliation

search. Here each π
∗(i)
MR may have different degree of

explicability.

Non-Monotonicity Since plan score is the fraction of ex-
plicable actions in a plan, it exhibits non-monotonicity. As a
partial plan grows, a new action may contribute either posi-
tively or negatively to the plan score, thus making the expli-
cability distance function non-monotonic. Consider that the
goal of an autonomous car is to park itself in a parking spot
on its left side. The car takes the left turn, parks and turns on
its left indicator. Here the turning on of the left tail light after
having parked is an inexplicable action. The first two actions
are explicable to the human drivers and contribute positively
to the explicability score of the plan but the last action has a
negative impact and decreases the score.

Due to non-monotonic nature of explicability distance,
we cannot stop the search process after finding the first
solution. Consider the following: if e1 is explicability dis-
tance of the first plan, then a node may exist in open list
(set of unexpanded nodes) whose explicability distance is
less than e1, which when expanded may result in a so-
lution plan with explicability distance higher than e1. A
greedy method that expands a node with the highest ex-
plicability score of the corresponding partial plan at each
step is not guaranteed to find an optimal explicable plan
(one of the plans with the highest explicability score) as its
first solution. Therefore, to handle the non-monotonic na-
ture, we present a cost-bounded anytime greedy search al-
gorithm called reconciliation search that generates all the
valid loopless candidate plans up to a given cost bound, and
then progressively searches for plans with better explicabil-
ity scores. The value of the heuristic h(v) in a particular
state v encountered during search is based entirely on the
explicability distance of the agent plan prefix πMR up to
that state, h(v) = Exp(πMR/π

′
MRH

) s.t. ΓMR(I, πMR) |=
vand ΓMRH(I, π′MRH) |= v.

We implement this search in the Fast-Downward plan-
ner. The approach is described in detail in Algorithm 1. At
each iteration of the algorithm, the plan prefix of the agent
model is compared with the explicable trace π′MRH

(these

are the plans generated usingMRH up to the current state in
the search process) for the given problem. Using the com-
puted distances, the explicability score for the candidate
agent plans is predicted. The search algorithm then makes a
locally optimal choice of states. We do not stop the search af-
ter generating the first solution, but instead, continue to find
all the valid loopless candidate solutions within the given
cost bound or until the state space is completely explored.

4 Experimental Analysis
Here we present the evaluation of our system in simulated
autonomous car domain and physical robot delivery domain.

4.1 Autonomous Car Domain
Domain model There are a lot of social norms followed
by human drivers which are usually above explicit laws. This

No. Questions Yes No

1
Autonomous car should always maintain it-
self in the center of the lane unless it is chang-
ing lanes

16 4

2 The car should automatically turn signal
lights on before lane change. 20 0

3
The car should automatically turn signal
lights on when the car starts swerving away
from the center of the lane.

9 11

4
At a four-way stop, it should automatically
provide turn signal lights when it is taking left
or right turns.

18 2

5 It should slow down automatically when it is
swerving off the center of the lane. 15 5

6
It should slow down automatically when
there is an obstacle (pedestrian or parked ve-
hicle) ahead in the lane.

17 3

7

Check one: When an emergency vehicle is
parked on the rightmost lane, it should (1) au-
tomatically follow the move over maneuver,
(2) whenever possible follow the move over
maneuver.

9 11

8

Check one: At a four-way stop, it should (1)
wait for the intersection to be clear and to be
extra safe. (2) wait for the other cars unless it
is its turn to cross over.

15 5

Table 1: The questionnaire used in the human study for Car
Domain, and the tally of answers given by participants. For
the last two questions, the participants were asked to choose
one of the two options, and the “yes” tally corresponds to
the first answer, “no” to the second.

(a) (b)

Figure 2: Simulated Autonomous Car Domain. Here only
the red car is autonomous. (a) It is having difficulty merging
to the middle lane and is confusing the human driver with its
signals. (b) It is waiting at a 4-way stop even though it is its
turn to cross.

can include normative behavior while changing lanes or dur-
ing turn-taking at intersections. As such this car domain has
emerged as a vibrant testbed for research (Sadigh et al. 2016;
Kyle Hollins Wray 2017) in the HRI/AI community in re-
cent times. In this work, we explore the topic of explicable
behavior of an autonomous car in this domain, especially
as it related to mental modeling of the humans in the loop.
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Algorithm Car R2 % Delivery R2 %

Ridge Regression 53.66 31.42
AdaBoost Regression 61.31 66.99

Decision Tree Regression 74.79 39.61
Random Forest Regression 90.45 75.29

Table 2: Accuracy for car and delivery domain.

In our autonomous car domain (modeled in PDDL), the au-
tonomous car model MA consists of lane and car objects
as shown in Figure 2. The red car is the autonomous car
in the experiments and all other cars are assumed to have
human drivers. The car objects are associated with predi-
cates defining the location of the car on a lane segment, sta-
tus of left and right turn lights, whether the car is within
the speed limit, the presence of a parked police car, and so
on. The actions possible in the domain are with respect to
the autonomous car. These actions are Accelerate, Deceler-
ate, LeftSqueeze, RightSqueeze, LeftLight {On, Off}, Right-
Light {On, Off}, SlowDown and WaitAtStopSign. To change
a lane, three consecutive actions of {Left, Right} Squeeze are
required.

FromMA we generated a total of 40 plans (consisting of
both explicable and inexplicable behaviors) for 16 different
planning problems. These plans were assessed by 20 human
subjects, with each subject evaluating 8 plans (apart from 1
subject who evaluated 7 plans). Also, each plan was evalu-
ated by 4 different subjects. The overall number of training
samples was 159. The test subjects were required to have a
state driving license. The subjects were provided with the
initial state and goal of the car. After seeing the simulation
the plan, they had to record whether they found each action
explicable or not. The assessment had two parts: one part
involved scoring each autonomous car action with 1, if ex-
plicable, and 0 otherwise (plan score was calculated as the
fraction of actions in the plan that were labeled as explica-
ble); the other part involved answering a questionnaire on
the preconditions, effects of the agent actions. It consisted
of 8 questions with yes/no answers. The questions used for
constructing the domain and the corresponding answers are
provided in Table 1. For each question, the answers with
votes were used by the domain modeler to construct MAH.
The questions with divided opinions (3 and 7) were not in-
cluded in the models as some found that behavior explica-
ble while some others did not. TheMAH domain consists of
the same state predicates but ended up with different action
definitions with respect to preconditions, effects, and action-
costs.

Following are two examples of how the feedback was in-
terpreted by the domain modeler. For question 1, the ma-
jority of answers agreed with the statement. Therefore for
actions Accelerate and SlowDown, additional preconditions
like (not (squeezingLeft ?x)), (not (squeezingLeft2 ?x)), (not
(squeezingRight ?x)), (not (squeezingRight2 ?x)) were
added, where x stands for car. For question 8, since the
answers agreed with choice 2, actions waitAtStopSign1,

waitAtStopSign2, waitAtStopSign3 were replaced by a new
general action waitAtStopSign. This action removed pred-
icates waiting1, waiting2, waiting3 from the action defini-
tion. Also, actions atStopSignAccelerate, atStopSignLeft, at-
StopSignRight were changed to remove the precondition
waiting3 (these actions thus had two definitions inMA to
allow for explicable behavior, one with higher cost).

Defining the explicability distance For the training prob-
lems, explicable plans were generated using the modelMAH.
Since some actions names were not common to both the do-
mains, an explicit mapping was defined between the actions
over the two domains. This mapping was done in order to
support plan distance operations performed between plans
in the two domains (for the plan distances to be used effec-
tively common action names are required).

As noted in Definition 6, features of the regression model
are the three plan distances and the target is the score as-
sociated with the plans. We tune the hyperparameters by
performing grid search over parameters like the number of
trees, depth of tree and the minimum number of nodes to
perform sample split. The results for different learning mod-
els are as shown in Table 2. We tried several ensemble
learning algorithms to improve the accuracy of our model,
out of which random forest regression gave the best perfor-
mance. Random forests allow selection of a random subset
of features while splitting the decision node. We evaluate the
goodness of fit of the model, using the coefficient of deter-
mination or R2. After training process, the new regression
model was found to have 0.9045 R2 value. That is to say,
90% of the variations in the features can be explained by
our model. Our model predicts the explicability distance be-
tween the agent plans and human mental model plans, with
a high accuracy.

Evaluation We evaluated our approach on 13 different
planning problems. We ran the algorithm with a high cost
bound, in order to cover the most explicable candidate plans
for all the problems. The Figure 3a reports the explicability
scores of the first 8 solutions generated by our algorithm for
13 test problems. From this graph, we note that the recon-
ciliation search is able to develop plans with incrementally
better explicability scores. These are the internal explicabil-
ity scores (produced by the explicability distance function).
From Figure 3b, we see for the last 7 problems, our planner
generated explicable plans with a cost higher than that of
optimal plans; a planner insensitive to explicability would
not have been able to find these expensive but explicable
plans. This additional cost can be seen as the price the agent
pays to make its behavior explicable to the human. For the
first 6 problems, even though the cost is same as that of the
optimal plans, a planner insensitive to explicability cannot
guarantee the generation of explicable plans. From Figure
3c, the test subjects provided higher explicability scores for
the explicable plans than the optimal plans for all 13 prob-
lems. The plan scores given by 10 test subjects were com-
puted as the ratio of explicable actions in the plans to the
total plan length. Testing phase protocol was same as that
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(a) (b) (c)

Figure 3: Car domain: (a) The graph shows how the search process finds plans with incrementally better explicable scores. Each
color line represents one of the 13 different test problems. The markers on the lines represent a plan solution for that problem.
The y-axis gives the explicability scores of the plans and the x-axis gives the solution number. The optimal plans generated
using the Fast-Downward planner were compared for (b) plan costs (c) explicability scores provided by test subjects.

Figure 4: For delivery domain test problem instances, the
optimal and explicable plans were compared for their plan
costs.

of the training phase, except for the questionnaire. The plan
scores were averaged over the number of test subjects. In this
domain, an inexplicable plan for changing lanes from l2 to l1
can be LeftSqueeze-l2-l1, LeftSqueeze-l2-l1, LeftSqueeze-l2-
l1, LeftLightOn whereas an explicable plan would be Left-
LightOn, LeftSqueeze-l2-l1, LeftSqueeze-l2-l1, LeftSqueeze-
l2-l1. The ordering of LeftLightOn action decides whether
the plan is explicable.

4.2 Robot based Delivery Domain
This domain is designed to demonstrate inexplicable
behaviors of a delivery robot. The robot can deliver
parcels/electronic devices and serve beverages to the hu-
mans. It has access to three regions namely kitchen, re-
ception and employee desk. For the evaluation, we used a
Fetch robot, which has a single arm with parallel grippers
for grasping objects. It delivers beverages, parcels, and de-
vices using a tray. Whenever the robot carries the beverage
cup there is some risk that the cup may tip over and spill
the contents all over the electronic items on the tray. Here
the robot has to learn the context of carrying devices and
beverages separately even if it results in an expensive plan
(in terms of cost or time) for it. A sample plan in this do-
main with explicable and inexplicable plans is illustrated in
Figure 6. Here, in the inexplicable version, the robot deliv-
ers device and beverage together. Although it optimizes the

Figure 5: For delivery domain test problem instances, the op-
timal and explicable plans were compared for explicability
scores provided by test subjects.

plan cost, the robot may tip the beverage over the device.
Whereas, in the explicable version robot delivers the device
and beverage cup separately, resulting in an expensive plan
due to multiple trips back and forth. 1.

Domain and explicability distance This domain is also
represented in PDDL. Here both the models were provided
by the domain expert. The robot model has the following
actions available: pickup, putdown, stack, unstack
and move. The domain modeler provided MAH based on
usual expectations of robots with a similar form factor. For
example, inMAH, certain actions which could be perceived
riskier (like, carrying the device and cup in the same tray)
had a higher cost due to the possibility of damaging the
items. Thus MAH incentivizes the planner to choose safer
actions. Both models have same state space and action rep-
resentation. The model differences lie in the action-costs as
well as preconditions and effects of actions. There were 20
plan instances created for each of the 13 planning problems.
Each of the plans was labeled by 2 human subjects, which re-
sulted in 40 different training samples (some problems have
multiple solution plans). The performance of different en-
semble learning techniques is as shown in Table 2. We again

1A video demonstration can be viewed at https://bit.
ly/2JweeYk
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Figure 6: The goal of the agent is to deliver the device and beverage cup to the destination. In the cost-optimal plan, agent
delivers both the items together, whereas in the explicable plan the agent delivers the items separately. A video demonstration
can be viewed at https://bit.ly/2JweeYk

use the random forest regression model with an accuracy of
75%.

Evaluation For evaluation of this domain, 8 new planning
problems (similar to the one shown in Figure 6) were used.
These plan instances with a pictorial representation of in-
termediate behavioral states were labeled by 9 test subjects.
For testing phase, the same protocol was followed as that
in training phase. Figure 4 shows the comparison between
the plan costs. Whenever the items consist of beverage cups,
the robot has to do multiple trips, therefore all the explicable
plans are more expensive than the optimal plans. For such
scenarios, if a robot uses a cost-optimal planner, the plans
chosen will always be inexplicable with respect to the plan
context. In Figure 5, we compare the explicability scores
provided by test subjects. The explicability scores provided
by the subjects are higher for explicable plans. Some plans
involved the robot stacking cups over devices to generate
cost-optimal plans. These plans ended up receiving least
scores.

5 Related Work
An important requirement for an AI agent collaborating with
a human is the ability to infer human’s goals and intents
and use this information to inform its planning process.
There have been various efforts in the direction of human
aware planning to account for human’s beliefs and goals
(Sisbot et al. 2007; Cirillo, Karlsson, and Saffiotti 2010;
Mainprice et al. 2011; Chakraborti et al. 2015; 2016) to
encourage human agent interactions. Human-AI collabo-
ration can involve both purely virtual tasks (Allen 1994;
Ai-Chang et al. 2004; Sengupta et al. 2017), purely physi-
cal tasks (Alami et al. 2005; Montreuil et al. 2007) or their
combination.

HRI community has focused on some related issues in the
context of the human-AI collaboration, but they have mainly

considered purely physical tasks involving manipulation and
motion. Our multi-model explicability framework can be
adapted to the HRI scenarios too. Indeed, there has been
some work on explicability of motion planning that goes un-
der the name of predictability (Dragan and Srinivasa 2013;
Fisac et al. 2016; Knepper et al. 2017). Predictability as-
sumes the goal is known and deals with generating likely
(straightforward) motion towards it (when the goal is un-
known, legibility is defined in this context, which conveys
with a motion which goal the robot is reaching for). These
can be understood in terms ofMA -MAH models. The dif-
ference is that for motion tasks, the advantage is that hu-
mans have well understood intuitive/common-sense models
(e.g. move in straight lines as much as possible). This re-
duces the difficulty of generating explicable plans consider-
ably, as the human model is fixed, and the distance between
the expected and observed trajectories can be easily mea-
sured. However, in many general domains that may involve
both physical and virtual tasks (or purely virtual tasks), there
are no such widely accepted intuitive human models. In such
cases, the full generality of our approach will be necessary.

Previously, (Zhang et al. 2017) showed the generation of
explicable plans by approximatingMAH to a labeling scheme
given that was learned using conditional random fields. In
this work, we study how the problem changes when the hu-
man model is known and is represented in terms of an ac-
tion model similar in representation to the agent’s model. In
many domains (household/factory scenarios), there is a clear
expectation of how a task should be performed and MA

H can
be constructed using relevant norms. Most deployed prod-
ucts make use of inbuilt models of user expectations. This al-
lows for a more informed plan generation process, which we
refer to as reconciliation search. This assumption on model
representation also allows us to investigate the relationship
between the traditional measures of plan distances studied
in the planning community and explicability measure im-
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plicitly used by the humans to compare the agent plans with
the expected plans from their model.

6 Conclusion
In conclusion, we showed how the problem of explicable
plan generation can be modeled in terms of plan distance
measures studied in existing literature. We also demon-
strated how a regression model on these distance measures
can be learned from human feedback and used to guide an
agent’s plan generation process to produce increasingly ex-
plicable plans in the course of an anytime search process.
We demonstrated the effectiveness of this approach in a sim-
ulated car domain and a physical robot delivery domain.

Going forward, two interesting avenues of future work in-
clude (1) learning to model plan similarities when domains
are represented at different levels of abstraction (e.g. with
experts versus non-experts in the loop); and (2) exploring
interesting modes of behavior that can build upon the de-
veloped understanding of human expectations (e.g. by being
inexplicable to draw attention to an event or, in the extreme
case, being deceptive by conforming to or reinforcing wrong
human expectations). The former may require a rethink of
existing plan distance metrics to account for the effects of
model difference in the presence of lossy abstractions.
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Abstract

In this paper, we address the problem of generating expla-
nations automatically for mathematical optimisation. Expla-
nations can improve the way users interact with optimisation
tools and help them trust the solutions. One of the challenges
of generating explanations for mathematical optimisation is
to reconstruct meaning from abstract mathematical expres-
sions. We present a general framework in which we exploit
problem diversity exploration in order to infer meaning from
algorithm results, and present an automatic sentence genera-
tor that works with this framework. Finally, we describe an
industrial project where we applied these algorithms.

Introduction
In the field of mathematical optimisation, and particularly
in academia, we seek simplified expressions of a problem
class so that we can study its structure in the purest sense.
However, real-world problems are often best expressed us-
ing both hard and soft constraints—meaning that some re-
strictions on the solution space are simply preferences. Ad-
ditionally, it is common to find that real-world problems
have multiple, typically competing, objective functions.

Finding a high-quality or even optimal solution is not the
most important aspect for every real-world optimisation ap-
plication. For some applications it is desirable to obtain sev-
eral diverse solutions that come with explanations of their
advantages and drawbacks such that they are understandable
for a human user. It is in this spirit that we define the follow-
ing general optimisation problem:

Given a set of problem inputs, determine the solution(s)
that optimise a set of objectives such that a set of hard
and soft constraints is satisfied.
In the context of explainability, we can extend the above

problem as follows:
The output is a set of solutions with explanations.
In this paper, we study the problem of solving an optimi-

sation problem where diverse solutions are useful, and ex-
ploit the diversity in order to obtain human-readable expla-
nations for the user.

State-of-the-art mathematical optimisation algorithms fall
short when it comes to providing adequate explanations to
users. These algorithms have traditionally focused on find-
ing a single solution with an optimal objective function

value. Once such a solution is found, the algorithm returns
the solution and terminates. The users are not provided with
information to help them understand why the returned so-
lution was considered ‘best’, or even if it is the only ‘best’
solution. Therefore, the optimisation problems we consider
in this paper require extensions to existing technology.

The development of an algorithm with explanations is
challenging for a number of reasons. First, explanations can
be highly domain-specific. Mathematical optimisation algo-
rithms, through the manner of encoding, tend to abstract
away domain-specific information. This leaves a difficult
task to reconstruct the relationship between constraints, vari-
ables and objectives in a meaningful way. Secondly, pro-
viding an explanation requires supportive and easily under-
standable sentence construction so that human users can un-
derstand them. This incorporates various difficulties includ-
ing understanding what an explanation should and should
not contain, and the fact that even solutions obtained by en-
tirely theoretically well-understood algorithms may be hard
to explain. As a consequence, a structural approach for find-
ing diverse solutions is required to enable our framework to
provide sensible and supportive explanations.

The contributions of this paper are as follows:
• General explanation algorithm development. We present

a framework for eliciting explanation information from
a diverse search space for mathematical optimisation
methodologies. The algorithm aims towards providing
rich explanation to users.

• Implementation and illustration as a case study. We illus-
trate the use of our framework for an industrial project as
an anonymised case study.

• Bridging the gap between mathematical optimisation and
explainable AI. Explainability is not well explored in the
field of mathematical optimisation. This paper brings ex-
plainable AI to this field.

Background
For every application in the context of explainable AI, there
is a set of functional abilities an autonomous agent should be
able to provide. Some functional abilities may differ for dif-
ferent types of applications, whereas other abilities should
be provided for an entire class of applications (Langley et
al. 2017). For our application, we have identified three func-
tional abilities that should be provided:
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• Rich explanation. The framework should provide expla-
nations for (a) the solutions chosen, (b) why the solutions
were selected, (c) how many constraints and user pref-
erences are satisfied or violated and (d) how good each
solution is, i.e. what the objective function values are. If
no solution is found, this should also be explained.

• Understandable explanation. Explanations provided
should come in the form of full sentences understand-
able for a non-scientist that was not involved in the
development process of the framework.

• Interactivity. The framework should be designed to allow
the user to interact with the exploration of diverse solu-
tions. This should enable the prioritisation of certain re-
strictions or objectives in a natural way.
(Fox, Long, and Magazzeni 2017) explain the need for

explainable AI. Three key reasons have been identified that
drive the motivation for explainable AI: trust, interaction and
transparency. We explain their importance for our applica-
tion as follows. If a scheduler considers using our frame-
work in order to create a timetable, the scheduler needs rich
explanation for every timetable suggested in order to trust
the quality and meaningfulness of the suggested timetable.
Creating a timetable is a step-by-step process, in which the
user typically wants to fix the position of certain items first
as the user considers them to be of high priority. This re-
quires our framework to be designed such that it enables
interaction with users. Finally, transparency is required for
situations in which our framework makes a decision which
is wrong or unexpected for the user so that the user can react
accordingly.

(Smith 2012) discusses difficulties standing in the way
of a more automated approach for which only minimal or
no work at all is performed by a human. Examples include
oversubscription (not all hard and soft constraints are satis-
fiable simultaneously), preferences (some goals are priori-
tised over others) or uncertainty (the input data is only par-
tially known at the time of scheduling).

In related work, (Horiguchi, Tomoto, and Hirashima
2015) present a classification approach to components of
a model in order to help students learn the appropriate ap-
plication of the models. They create model fragments and
use laws of physics to connect them. These connections lead
naturally to explanations, which in turn can help students
understand the processes better.

In our work, we will focus on reconstructing the connec-
tions between components of an optimisation model. The
model itself can be formulated by

max {cTx|Ax ≤ b, x ≥ 0, x ∈ Ω},
where b ∈ Rm and c ∈ Rn are vectors, A ∈ Rm×n is the

coefficient matrix and x ∈ Rn is the vector containing the
variables. Additionally to constraintsAx ≤ b and x ≥ 0, the
set Ω is used to impose further restrictions on x. If no further
restrictions are required, i.e. Ω = Rn, the problem is called
a linear program. For the special case in which only integer
values are allowed, i.e. Ω = Zn, the problem is called an
integer linear program. If only some (but not all) variables
are required to be integer, the problem is called a mixed-
integer linear program.

In the context of linear programming, sensitivity analysis
is a methodology that can be used to generate rich explana-
tions. Using this methodology, one can automatically gener-
ate information such as (Winston and Goldberg 2004):
• whether the optimal solution is unique or not;
• how much the coefficient vector c in the objective function

can vary before a different solution becomes optimal;
• how much the right-hand-side vector b can vary before a

different solution becomes optimal.
The theory of duality provides these results for linear pro-
gramming. However, for mixed-integer programming, no
such duality theory, and explanation pathway, exists. The
closest concept available for understanding infeasibility is
the one of Irreducible Infeasible Sets (Chinneck 2008). An
IIS represents a smallest set of constraints that cannot be
satisfied simultaneously, i.e. removing any of these con-
straints would make the remaining set of constraints satis-
fiable. Only for linear programming, there exist exact meth-
ods for determining the IIS. However, for mixed-integer pro-
gramming heuristics can be used such as, simply, removing
constraints one at a time in order to discover a feasible set.

General Approach
In order to solve the problem presented in the previous sec-
tion, we follow an intuitive and effective heuristic in Algo-
rithm 1. We provide an illustration of the algorithm in flow
chart form in Figure 1.

Algorithm 1 Detecting diverse solutions.
1: H . . . set of hard constraints
2: S . . . list of soft constraints
3: O . . . set of objective functions
4: C ← S ∪H
5: for i = 0 : (|S| − 1) do
6: Check if constraints in C are satisfiable
7: if C is not satisfiable then
8: Record explanation (1)
9: else if C is satisfiable then

10: for o ∈ O do
11: Solve, using constraints C and objective o
12: Record explanation (2)
13: Remove S[i] from C

Explanation (1), in its simplest form, is “No solution ex-
ists, constraint set C is too restrictive”. Explanation (2) is
of the form “An optimal solution exists for objective o, all
constraints are satisfied from constraint set C”.

Removing constraints one at a time allows us to logically
infer causality. Of course, it is possible to take this further. In
the decision hierarchy described, only the last constraint that
created infeasibility provably causes the infeasibility. There-
fore, we could allow those constraints eliminated earlier in
the process to re-enter the constraint set. The usefulness of
such an exhaustive analysis depends on the application of
the explanation generator. The richness of the ‘infeasible’
explanation can be enhanced by starting with the most re-
laxed constraint set and adding constraints one at a time, in-
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Figure 1: A flow diagram illustrating the search strategy in Algorithm 1

stead, as it allows us to pinpoint the precise constraints that
created the present infeasibility in the system.

The incorporation of soft constraints can be used to
achieve particular goals. To this end, an order is assigned
to the soft constraints. For example, starting with soft con-
straints we expect to be most restrictive allows us to find in-
feasible solutions sooner, and therefore eliminate those con-
straints that lead to infeasibility. On the other hand, starting
with soft constraints we expect to be least restrictive allows
us to potentially satisfy more soft constraints and therefore
achieve more preferences for the user. The implication of
ordering soft constraints can lead to richer explanations if
the context of the constraints is well understood. In mixed-
integer programming, this cannot be automatically derived
from a model, but can be achieved with domain knowledge.

Since there is no sufficient sensitivity analysis theory for
mixed-integer programs, it is challenging to obtain relation-
ships between constraints, variables and the solution space.
What we achieve in Algorithm 1 is a mimicking of sensitiv-
ity analysis. We consider the set of hard constraints and start
by adding all soft constraints. In most cases, it is not feasi-
ble to satisfy all constraints simultaneously. Armed with this
information, we explore the ways in which soft constraints
interact with the feasible region, and seek diversity in our
solutions by trialling different combinations of objectives.

Achieving diversity in this controlled manner is an im-
portant part of deriving explanations. Since we can usually
measure the quality of solutions and compare them against
one another, it is useful to not only have diverse solutions but
also to have the precise reasons for this diversity. This con-
struction of diversity leads directly to richer explanations.

Allowing the user to select preferences, i.e. soft con-
straints, is also important. Often, the user is the expert and
will pre-filter the constraints to a more interesting sub-set
within the context. In this way, the unsophisticated and most
uninteresting part of the exhaustive search is replaced by in-
ference from the user.

Automatically Generating Sentences
Algorithm 2 presents an illustration of how we achieved ex-
planations in sentence form. The main arguments are:
• P is a boolean that denotes whether there exists a solu-

tion without any constraint relaxation.
• If P is true, each constraint in the constraint set C has

assigned a boolean indicating if it was applied in the solv-
ing round or not.

• objective is a string stating the objective function cur-
rently under consideration.

• Finally item contains information about the type of the
object we are creating the solution for.
The algorithm starts with a check whether the perfect so-

lution has been found. In that case, the explanation message
states that the solution fulfils all constraints and is the best
among others. In the case that there is no solution for the full
set of constraints the algorithm starts the explanation mes-
sage based on the type of objective function. It then contin-
ues with the information that this solution does not satisfy
some of the constraints, and names these constraints in a
user-friendly way. The list of unsatisfied constraints is then
added and the explanation message is returned.

Case study
In this section we describe a pilot client project, for which
we created an interactive scheduling tool. To protect our
client’s identity, we describe the project using an analogue.
The essential features of the problem and solution, with re-
spect to the topic of this paper, are intact.

Our study case is based on the problem of scheduling dif-
ferent free time activities in a leisure centre. The centre of-
fers a range of different activities for all age categories, start-
ing with preschool kids and ending with courses for adults.
Each of the age categories has a specific time range dur-
ing the day and also different activities. In our project, we
focused on scheduling activities for the two youngest age
groups: preschool kids and primary-school kids.

The preschool group has lessons planned between 1 pm
and 5 pm and a primary-school group from 1 pm to 7 pm,

55



Algorithm 2 Automatically generating explanations
Require: C, P , item, objective

1: if not P then
2: explanation← “There are no < item.type > that ac-

count for < all constraints from C >.”
3: else
4: explanation ← “This <item.type> is the most rec-

ommendable in terms of < objective > and <full set of
hard constraints>”

5: for constraint ∈ C do
6: if not constraint.applied then
7: nonActiveList← constraint
8: for constraint ∈ nonActiveList do
9: explanation← “, but may not satisfy”

10: if first constraint then
11: explanation← “ <constraint>”
12: else if last constraint then
13: explanation← “ and <constraint>”
14: else
15: explanation← “, <constraint>”
16: explanation← “ restrictions.”

return explanation

from Monday to Friday. These hours have been set by the
leisure centre with regards to kids age and school attendance.

The leisure centre offers three types of lessons. The first
category accommodates all physical activities such as swim-
ming, dancing and yoga. The second category contains all
the creative activities starting with drawing classes and ce-
ramics and ending with musical education. The third cate-
gory is formed by educative courses strongly represented by
language classes of different levels. Some of these activities
are accessible for kids of all ages, but some, such as playing
the accordion, are only for 6 years and older, and vice versa.

Some of the classes are fixed in the schedule from the
beginning due to the specific requirements. The rest of the
classes are then planned with respect to many constraints.
The constraints include activity continuity for the instructors
when the leisure centre aims to plan the activities with same
requirements for different levels in a block. This continuity
feature is one of our soft constraints. Another soft constraint
is then the aspiration for balanced schedules and balanced
offers from all activity types. Hard constraints were mainly
driven by the target age and facility availability.

Our project was split into three types of scenarios. The
first scenario is to recommend the activity for a chosen time
slot. The idea behind this scenario is to help the sched-
uler choose the right activity with respect to all or as many
as possible fulfilled constraints. The second scenario was
then to recommend the best slot for given activity. This
describes the situation when some of the lectures are for
example sponsored by a council, therefore, the scheduler
needs to schedule these activities and our tool recommends
best slots and explains why these sets are the most prefer-
able. The last scenario is then focused on the themed weeks.
These weeks are not necessarily only pre-Christmas week,
pre-Easter week and other holiday-specific weeks, but also

weeks with a general theme like ‘sea life’. In these weeks the
leisure centre plans all lessons which are related to the theme
such as drawing sharks or saying “fish”, “boat” or “sand” in
other languages. In this scenario, the tool recommends the
whole sequence of classes related to the theme.

Implementation
The implementation of the problem is composed of two
parts. The first is a wrapper which we built around an op-
timisation solver to get results efficiently and with the ex-
planation. This part follows Algorithm 1 and is described
further below. The second consists of Satalia’s SolveEngine
solver and supporting functions. After solving is completed,
the results are passed back to the wrapping function which
evaluates the results and takes one of the following actions:

• If solver did not find any solution, one of the active con-
straints is deactivated and the problem is passed again to
the solver.

• If the solver found a solution but more variants of the so-
lution are needed, the chosen activity or time slot is re-
moved and the problem is passed back to the solver.

• If there are enough diverse solutions or no new solution
can be found and no further constraint relaxation is possi-
ble, the search is terminated.

After we have all solutions which we need or can obtain,
we collect all explanations created for each solution using
Algorithm 2 and return them as a list of tuples containing
recommended activity or time slot and explanation. In the
project, we were given different item.types so that we ex-
tended the algorithm accordingly in order to keep the expla-
nation meaningful.

We added additional functionality to the tool, such as au-
tomatically generation of tweets to announce new activities.
The users interacted with the pilot recommendation tool via
an interface. Our feedback was very positive for the use
of real sentences and explanations, as these were features
the users could readily understand. In fact, they appreciated
these elements far more than the optimisation algorithm un-
der the hood, which highlights the importance of explana-
tions of abstract algorithmic results for users.

Conclusion
We have presented a framework for automatically generat-
ing explanations about the search space for the user to in-
terpret. In a case study, we communicated this information
to the users by automatically generated sentences. Our ap-
proach relies on the user to interpret the relationship be-
tween model components from the information we present
as an explanation. By utilising this domain knowledge of the
user, interpretations of the model components can be auto-
matically encoded on an application basis. We continue to
explore this aspect in our ongoing projects.
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Abstract

Adjusting commitments to ongoing plans can occur frequently
when executing these plans in a dynamic environment. Often,
an agent will repair its plan or replan vis-a-vis such change,
which is a type of planning-specific adjustment. However, ad-
justing commitments to the goals by regoaling, transforming
goals, or deferring goals may also be needed. As discussed
in the literature on plan explanation, an agent may be asked
to account for plan adjustments. In this position paper, we
advocate for considering the full suite of possible adjustments
in explanation. This includes plan repair, replanning, defer-
ring, regoaling, and abandoning goals. Using an example from
the RoboCup Rescue Agent Simulator (Roborescue), we
leverage a goal lifecycle, extended with time-based Chron-
icles and transitions goals, for explanation. We propose an
explanation taxonomy that spans three dimensions and illus-
trate the use of this taxonomy for many possible explanations
in Roborescue. Finally, we highlight several possible user
interfaces we intend to build.

1 Introduction
Autonomous agents will be increasingly called upon to react
to ever more challenging, dynamic environments. Execution
rarely proceeds according to plan, resulting in the need of an
agent to adjust its commitments. When called upon to explain
these changes in commitments, the agent needs to account
for the reasons behind the change.

Following the approach of Langley et al. (2017), we main-
tain that explaining plans requires more than only explaining
the choices of the planner. In many applications, delibera-
tion – commonly referred to as planning, problem solving, or
reasoning – occurs at many levels of a situated autonomous
system (Ghallab, Nau, and Traverso 2016). Pollack and Horty
(1999) argue that there is more to planning than simply mak-
ing plans, noting that plans are meant to be executed and
a variety of interesting problems occur when plans fail. In
order to explain their choices, agents must be able to recreate
the context and history of the moment for each commitment.

Accordingly, we argue that a wider perspective, one that
considers the role of the planning system integrated within
a situated system, as necessary for effective explanation
of plans and the planning systems. Much of the literature
around plan revision focuses on plan repair or replanning,
and much discussion about explaining plans and planner

choices emphasizes repairing or replanning. A similar argu-
ment is echoed in the literature on explanation (Miller 2017;
Abdul et al. 2018). However, we offer a distinct perspective
and solution for solving the problem. In the broader sense, an
agent may deliberate about its goals, performing what we call
goal reasoning (e.g., (Hawes 2011; Vattam et al. 2013) (Ghal-
lab, Nau, and Traverso 2016, Section 7.2.3), (Aha 2018)).

We describe a research plan that will integrate explana-
tion in a goal reasoning context, expanding plan explanation
to encompass the agent formulating new goals, consider-
ing alternative plans (before and during execution), repair-
ing plans, replanning from scratch, deferring or abandoning
goals, switching between multiple goals, reformulating re-
vised goals, and learning when to apply each of these possible
transitions. Our proposed approach complements this litera-
ture by embedding explanations within a goal lifecycle that
makes specific commitments to hierarchical, temporal, and
numeric planning and characterizing explanations within to a
3-axis taxonomy. The contributions of this paper include:

- An extension of the goal lifecycle by Roberts et al. (2015;
2016) to include Chronicles from recent developments in
planning and acting (Ghallab, Nau, and Traverso 2016);

- an informal description of how the extended goal lifecycle
facilitates explanation using transition goals;

- a 3-axis taxonomy for explanations that considers their
source, scope, and depth;

- an exploration of using the taxonomy to categorize vari-
ous explanations; and

- a proposed extension to a user interface, the Virtual Mis-
sion Operation Console, to support explanations.

We begin by describing our proposed application,
Roborescue, for exploring explanation (Section 2), which
we follow with the assumptions for our solution (Section 3).
Based on these assumptions, we introduce the goal lifecycle
(Section 4), extend it to incorporate the above assumptions
(Section 4.1), and demonstrate how it provides a natural
mechanism for supporting anticipatory, ad-hoc, and post-hoc
explanations (Section 4.2). We introduce a 3-axis taxonomy
of explanations and demonstrate how explanations can be
generated (Sections 5 and 6). These assumptions and com-
mitments are not unique and much research has advanced
one or more of these areas, as is elaborated in our discussion
of related work (Section 7).
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Figure 1: A single city block of the Agent Simulator running on the Berlin scenario.

2 Roborescue: A testbed for explanation
The RoboCup Rescue Agent Simulator, or Roborescue,
models a situation immediately following a natural disaster
(Sheh, Schwertfeger, and Visser 2016). For example, Figure 1
displays a Roborescue scenario using the 2017 simulator.
It is the basis of the RoboCup Rescue Simulation League
(Akin et al. 2012), an international competition for collabo-
rative AI agents that has been running since 20001. Inspired
by the events of the 1995 Great Hanshin earthquake in Kobe,
it aims to provide a venue where the performance of dif-
ferent algorithms for coordinating and controlling teams of
simulated agents can be compared. The competition is held
annually with an international championship fed by numer-
ous regional opens. The Simulation League, which focuses
on environments the size of a few city blocks, is just one of
three competitions under the RoboCup Rescue umbrella. The
Virtual Robot League is a competition based on a more de-
tailed, high fidelity physics simulator within the confines of
one city block. In the Robot League, physical robots compete
within an arena of standard test methods for response robots.

In the Simulation League (cf. Figure 1), specific agents
work together to help civilians (green dots) move to a safe
area (the lower-right building). Civilians will move along
roads (light gray) if they are able but may become trapped
under or behind rubble (solid black). Fires (yellow building
on the left) can cause further harm and produce rubble. If a
civilian is trapped for too long or suffers too much damage
then they turn black, indicating that they have died. Agents
must communicate and cooperate to transport as many vic-
tims as possible to safety while also gathering information
about the disaster area. Each agent may have its own objec-
tives that can be interrupted by events such as requests to help
other agents, discovering a victim, or coming across rubble
in its path. The challenge is responding in a manner that best
assists the entire team and communicating those responses.

1
http://wiki.robocup.org/Rescue_Simulation_League

Controllable agents consist of police (blue dots), ambu-
lance (white dots), and fire patrols (red dots). All three agents
can scout an area, but only police can clear rubble, am-
bulances can transport a single civilian, and fire patrols
can douse fires using water from hydrants (top). Not shown
are centralized agents that serve as dispatchers each type. In
this figure, two healthy civilians (bottom middle) are moving
to the safe area. To their right, two police clearing rubble.
Below them, an ambulance is stuck behind rubble.

2.1 Running Example
We illustrate the core explanation challenges resulting from
execution failures and opportunities for an ambulance agent,
although similar situations could occur for a police or fire
agents. Failures can occur when a planned task is blocked
from completing, a task takes longer than anticipated, a main-
tenance goal is violated, or a resource is blocked. Oppor-
tunities may appear when an agent discovers a previously
infeasible goal is possible, through the arrival of new tasks,
or while merging plans to complete multiple goals.

Figure 2 demonstrates the goal network of an ambulance
agent for the following simplified scenario; we will formalize
goal networks in Section 4. Suppose an ambulance agent,
who can only scout or carry civilians, is commanded to scout
a ’far away district’ for potential civilians. After generating
three alternative paths, A, B, and C, to the district, it starts
down path A (solid boxes) but comes across rubble that must
be cleared. It could here switch to an alternative route or
ask the police to help clear the rubble. Suppose it selects
path B (gray boxes) but cannot communicate this change
to its dispatcher because communication is blocked by the
buildings around it.

While traversing path B it identifies a civilian needing
assistance. It could ignore the civilian and continue its cur-
rent goal or transport the civilian to a shelter. Suppose that
it chooses to defer its original goal (i.e., scout ’far away’) to
transport the civilian, generates a plan to the nearest shelter,

59



Figure 2: A goal network for the ambulance example.

Shelter 1, and picks up the civilian; again it cannot communi-
cate this change because its radio is blocked. Upon reaching
the Shelter 1, the agent discovers the shelter is full and must
transport the civilian to Shelter 2, which it proceeds to do.
Along the way, it identifies several more civilians needing
assistance. Once the transport to Shelter 2 has completed, it
could determine whether to return to the civilians it found,
abandon path B, select the other alternative path C, or replan
from the shelter.

2.2 Challenges in Explanation
Even for the above small example, the agent may be asked
to explain its choices. Miller (2017), in surveying the rele-
vant literature on explanation, suggests that explanations are
contrastive, selected, and social. In line with this view, we
imagine some possible kinds of explanations that may surface
during or after the above example for the ambulance agent,
which made many decisions, modified or abandoned some
commitments, deferred others, and generated new goals in
response to unexpected events. How does the agent explain
its choice to change to a different path, switch goals by lo-
cating an agent who can clear the rubble, or attend to the
civilian it just discovered? What if the agent is asked to ex-
plain which alternatives it considered when it found the first
civilian? Suppose the agent did not know that a better path to
’far away’ has become available and the dispatcher conveys
that information (because the radios work at shelters); what
if the agent sticks to its plan for path B and is later asked why
it did not take the more direct route?

When appearing at the Shelter 1 with the civilian, suppose
the agent is asked to report the damage exists in the ’far
away’, a type of selected explanation, which it will not know
but could probably have anticipated. In this example, we
imagined the agent tried to communicate changes to its plan
but failed. Suppose the agent could communicate. From a
social perspective, when should the agent proactively explain
itself? Too many plan updates would likely be overwhelming

but too few will result in reduced situational awareness for
the entire team. Even if the agent waits for a request to ex-
plain itself, it must still anticipate when an explanation may
be needed and facilitate such explanations by storing not only
the plan trace but also the context that lead to changes in its
commitments. Additional deliberation may be required to
recreate the context of the decision if, for example, the agent
is asked to consider other ways it could have solved the prob-
lem (e.g., during a post-hoc debriefing), which strengthens
the important role of automated planning for explanation.

Learning can also play a role even for planning systems
and plan explanation. Suppose the agent had applied machine
learning to make some of its prior decisions, then it may
also need to explain the learned model it used to prioritize
its decisions (e.g., to select one goal over another) without
being explicitly commanded to do so. For example, it may
have learned that seriously wounded civilians in this situation
do not live as long as usual compared to an expected model,
leading it to choose to transport a critically injured civilian
because it reasoned that no other agent could help in time.

Finally, consider an even more abstract view of a com-
mander managing the entire disaster, who must communicate
with dispatchers as well as agents. The commander may de-
sire answers to contrastive questions such: Why doesn’t this
task fit in the current solution? or What change is needed (or
which constraint should I relax) to fit this task into the solu-
tion? The commander may need to consider unit placement
if new resources become available. For example, suppose the
commander receives an offer of 5 ambulance teams from a
neighboring city, a natural question question would be Where
should I place these units? And lastly, the commander may
want to anticipate possible future situations based on past
data (where are fires most likely to start, for example), which
is a variant of anticipatory planning.

3 Solution Assumptions
We make a number of assumptions in our proposed solution
to help make solving the problem tractable. We assume agents
interact with other agents and the environment in a distributed
manner. Each agent generates their own plan(s) according
the local information available – that is, we don’t assume a
globally optimal criteria. An agent may modify its goals in
response to notable events that impact goal processing and
can occur as a result of the environment or other agents.

The situation is oversubscribed as there will typically be
more goals than resources to complete them, so an agent
seeks to achieve or maintain high-quality, satisficing solu-
tions. Goals can be hard goals (i.e., requirements), mainte-
nance goals, and soft goals (i.e., preferences). Agents may
consider a set of criteria when evaluating whether to pursue a
goal. This means an agent may need to generate alternatives,
consider tradeoffs, and commit to plans; such reasoning re-
quires what is often called numeric planning or planning with
metric quantities, which has been examined in the automated
planning literature (e.g., (Fox and Long 2003)). However, the
prevalent modeling approach of using action-costs prohibits
more than one metric; this has led to benchmark problems
with relatively “flat” objective spaces that often correlate with
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plan length. (Radzi 2011). Although some planners gener-
ate alternatives according to multiple metrics, more work is
needed to incorporate trade-off analysis between competing
metrics. The agent may desire to maintain commitments it
has already made to itself, to future projected events, or to
other agents.

We commit to hierarchical structures to facilitate memory,
planning, and retrieval. This commitment to a hierarchical
approach provides for the use of domain-dependent knowl-
edge to guide the search process in selecting and planning for
goals; we leave it to future work to generalize the approach
to domain-independent planning.

Agents maintain a history (or future, as appropriate) of:
relevant world events, attempts to achieve goals, past ex-
periences, other agents’ actions, and commitments to other
agents. This assumption requires temporal reasoning for the
past, current, and future. The stored history may be com-
pressed through learning, which we plan to address in future
work. Explanations may be required before, during, and after
completion of one or more goals. This requires an agent to
perform introspection about its own history.

4 Goal Networks and the Goal Lifecycle
Our agents reason over goal networks, which are partially or-
dered sets of goals. For historical reasons, goal-networks are
called Hierarchical Goal Networks (HGNs) (Shivashankar
et al. 2013a; 2013b), although the decomposition of a goal
network need not be strictly hierarchical. Alford et al. (2016)
showed that HGN planning has the same expressiveness
and complexity class, semi-decidable, as task-network plan-
ning, commonly referred to as hierarchical-task networks
(HTNs). Further, their work proposed a hybrid formalism,
goal-task networks (GTNs), which unified goal-network and
task-network planning under sharing or insertion semantics.

Roberts et al. (2016) extended goal-task networks to model
the goal lifecycle for a goal-reasoning agent. We restrict
our attention to goal networks. Figure 3 (left) shows a sub-
set of that goal lifecycle, which models the main decision
points of goal reasoning (Hawes 2011; Vattam et al. 2013;
Aha 2018). Goals transition between modes (rounded boxes)
via strategies (arcs); colored strategies highlight the focus of
this study. Figure 3 (right) shows a timeline of plan revision
with the same colors. Goals are FORMULATED, SELECTED, and
then EXPANDED (i.e., planned) for possible ways of achieve-
ment. Alternative plans are EXPANDED (magenta), and the
system commits to a single plan (black line), which is then
DISPATCHED for online execution. An objective might fail
(hollow circle) due to events such as cloud cover, which may
force the system to EVALUATE (wide gold line) revision of
prior strategies. To move the failed task (hollow circle) to
a new slot (solid circles), the system might: CONTINUE by
ignoring the problem or falling back to a secondary task
(red, dotted); REPAIR the plan by reusing a previous alter-
native (purple, dashed); REPLAN by expanding multiple al-
ternatives (green, dot-dashed); or DEFER the objective (gray,
long-dashed).

A goal transitions through the lifecycle as a goal node
ǧ = (gi, N,C, o,X, x, q) where: gi is the goal to be achieved;
N = (s, gtn) is a gtn-node for gi; C is the set of constraints

on gi and gtn; o is the current mode of gi, defined below; X
is the set of expansions that could achieve gi, defined below;
x ∈ X is the committed expansion along with any applicable
execution status; and q is a vector of quality metrics. Metrics
could be domain-dependent (e.g., priority, cost, value, risk,
reward) and are associated with achieving gi. We used N in
prior work but find ǧ more natural.

Figure 3 (left) displays the possible refinement strategies,
where an actor’s decisions consist of applying one or more
refinements from R (the arcs) to transition ǧ between modes
(rounded boxes). Strategies are denoted using small caps
(e.g., FORMULATE) with the modes in monospace (e.g., FOR-
MULATED). Execution may require adjustments, via the re-
solve strategy, to prior commitments. The degree of revision
determines how far back in the goal lifecycle the goal must
transition, and it is not always clear which resolution is best.

A goal memory M = {ǧ1, ǧ2, .., ǧm} for m ≥ 0 holds the
active goal nodes for an agent. Most refinements modify the
goal memory by modifying a node within memory, in which
case we write M −→R M ′ for a single strategy application of
R resulting in M ′ and M −→∗R M ′′ for a sequence of applied
strategies resulting in M ′′.

4.1 Extending the Goal Lifecycle
Following the assumptions from Section 3, we make a spe-
cific commitment to temporal reasoning with timelines and
discrete resources. We accomplish this with a hybrid planning
approach called Constraint-Based Interval (CBI) Planning,
which is commonly used in NASA (e.g., systems such as Eu-
ropa or Aspen) and MBARI missions (e.g, (Smith, Frank, and
Jónsson 2000; Rajan, Py, and Barreiro 2013)). Central rep-
resentations in CBI planning include a variable, often called
a token, and temporal constraints, called intervals, over the
variable. A token is an object or resource in the system that
needs to be tracked (e.g., the ambulance status). Tokens can
be assigned attributes to indicate state (e.g., transporting,
clearing or scouting). Constraints restrict the set of valid so-
lutions by limiting resource usage (e.g,. keep health above
74 units), temporal extent (e.g., duration of 90 minutes), or
ordering (e.g., scout before transport). To incorporate tempo-
ral constraints, we will extend the goal node with Chronicles
as described by Ghallab et al. (2016). Decision points of
the agent follow many critical points the goal lifecycle (cf.
Figure 3). We next describe how these decision points will
support explanation.

4.2 Facilitating Explanation with the Goal
Lifecycle

The goal lifecycle with temporal constraints provides a natu-
ral mechanism for tracking changes during execution, such
as those highlighted in the example from Section 2.1. We
partition the goal memory into the past, present, and fu-
ture, M = Mpast ∪ Mpresent ∪ Mfuture, segmented by time:
t0 < Mpast < tnow ≤ Mpresent < thorizon ≤ Mfuture < tend,
so that t0 and tend indicate the start and end of time, tnow
indicates now, thorizon indicates the end of the furthest plan
into the future. The system stores the transitions of all goals
in the appropriate memories. Goals that interact will have
appropriate references to their related (sub)goals.
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Figure 3: Left: The goal lifecycle of Roberts et al. (Roberts et al. 2016) Right: A plan revision timeline.

Explanations will often hinge on transitions in the goal
lifecycle, since these capture changes in commitments. For
example, the agent may be later asked Why did you defer this
goal? or Which alternatives did you consider at time point
t? The goal lifecycle supports explanation for such situations
by creating transition goals to achieve each important tran-
sition, where importance is defined by the scope, depth, and
source of expected explanations as defined later in Section 5.
The agent will only store transitions that may require future
explanations. It may help to see transition goals as “meta”
goals, though we do not necessarily make a commitment to
meta-reasoning specifically.
Transition Goal Example: Returning to the example of
the ambulance agent in Figure 2. When the agent sees
rubble along path A, it needs to deliberate about pos-
sible alternatives. This places transit path(A) into
EVALUATED to resolve. Since this decision is one that
may require explanation, the agent creates a transition
goal resolved(rubble blocking path A), which
follows the same lifecycle as any other goal. During the
expansion of this new goal, it generates the possibilities (i.e.,
expansions) shown under the rubble node in Figure 2; (it
generates many more but only two are shown). Supposing
it resolves the transit goal by changing the route, then
resolved goal is now finished, the transit path(A)
goal is dropped, and a new transit path(B) is formu-
lated. In essence, the entire set of “goal” transitions has been
captured from the moment the rubble was detected to the
point where a new path was chosen. It is easy to see that
transition goals can be created for similar situations.

We argue that the transition goal – the resolved goal in
the above example – is vital for any reasonable explanation.
When the system is asked to explain itself, it can simply refer
to this goal to elucidate its entire deliberation. When used in
this way, the goal lifecycle exposes key constraints that guide
solutions and justify changes in commitments to goals, plans,
or actions. M stores these transitions for future reference.

A limitation of transition goals is the increased memory
needed to store additional information. This is especially true

if all transitions are stored. We mentioned earlier that the
agent should only store important transitions. We now turn
our attention to an explanation taxonomy that will aid in
determining those important transitions.

5 A Proposed Explanation Taxonomy
A key objective of this work is to develop agents that can
perform a given task and explain their decision-making pro-
cess to humans and other agents in the scenario. Providing
effective explanations depends on a variety of factors, such as
the requirements of the consumer and the agent’s explanatory
capabilities. We categorize explanations along three dimen-
sions that identify its source, its depth and its scope. This
categorization is inspired by Sheh (2017) and each dimension
is currently segmented into a binary split:

• Source: Post-Hoc Rationalization vs. Introspective

• Depth: Attribute (Entity/Use) vs. Model

• Scope: Justification vs. Teaching

Source identifies the type of data used to generate the
explanation. The source is Introspective if the provided in-
formation is based on a full trace of the underlying decision
process. This means that the explanation must accurately re-
flect the actual decision process that was taken to arrive at a
particular decision. The source is Post-Hoc Rationalization
if it is based on observing the external behavior of the agent
as a black box. These types of explanation do not necessar-
ily reflect the actual decision process taken by the agent but
rather seek to rationalize the result. An explanation’s source
can be somewhere in between if it has access to intermediate
representations or processes but not the full “trace” of the
decision-making process. Note that this is defined relative
to a useful level of abstraction. After all, any program run-
ning on a deterministic computer can be traced, even if it’s
at the level of individual instructions, but this “execution”
explanation is less useful in most applications.

Depth identifies the granularity of the explanation. The
depth is called Attribute Identity if the explanation is based
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on identifying the attributes, or features, that were used to
make a decision. For example, saliency maps in object recog-
nition tasks are considered Attribute Identity explanations.
It is Attribute Use if it also includes information on how
these attributes were used, such as decision boundaries and
relationships. A Support Vector Machine might report the
hyperplanes bordering a region containing the decision in-
stance, for example. It is Model if the explanation extends
to how the model, on which these decisions are based, was
itself generated from the training data and other background
information. A Decision Tree might report the training exam-
ples that flowed through to a given decision node to explain
that node’s decision boundary, for example.

Scope identifies the purpose of the explanation. The scope
is Justification if the purpose is to justify a particular decision
or set of decisions. It is Teaching if the explanation is about
something beyond a decision. In general, teaching explana-
tions aim to teach a user (or another agent) something that
the explainer has learned, such as synthesizing new examples
or answering hypothetical questions.

6 Generating Explanations
Using the taxonomy just described, we highlight some pos-
sible explanations an agent could provide. Explicitly stating
the kinds of explanations we expect the system to provide
elucidates which information will be required and the type
of model that would need to be used to enable the expla-
nation. Returning to the Roborescue scenario, consider
a single police agent en-route to clear rubble in pileA that
receives a report of another nearby rubble pileB , which is
preventing a fire truck from accessing a burning building. The
police agent revises its commitments by deferring its goal of
cleared(pileA) in order to achieve cleared(pileB) first.
This results in creating a plan with a detour to clear pileB .
We next provide several examples of complex queries and
explanations using the taxonomy.

6.1 Justification scope
To assist in the explanation, we will begin with explanations
that have Justification scope because the explainer is being
asked to explain why it selected one plan over another or
provide a reasonable rationale of its decisions.
Why did you decide to switch to a new goal? [Introspective,
Attribute] This explanation considers why the agent decided
to change its plan. e.g. Another agent is waiting for me to
clear the rubble AND the time required for the detour is less
than 15 minutes.
What do you think this other agent is likely to do? [Post-
hoc, Attribute] The explanation has attribute depth because
the agent does not have access to the internal model of the
target agent. It has a post-hoc source because the agent lacks
internal access to the decision-making of the target agent.

Asking the agent to explain its internal
model/rationalizations for how other agents act in the
world. For example, a user could ask whether the police
agent thinks that the dispatcher is likely to send another
police agent to assist. The agent might respond by stating
that, in its experience, assistance is in areas that are far from

the center of the city. Therefore, it might conclude that the
dispatcher is unlikely to send assistance.

This type of explanation could be useful for debugging
purposes, especially where the user has introspective access
into these other agents. This can assist the user in finding
discrepancies between how the agent believes other agents
reason and how they actually reason. In the example above, a
user may query the dispatcher for an introspective explana-
tion on whether it is likely to dispatch another police agent to
the area. If the explanations does not match that of the police
agent, it may provide an important insight into the behavior
of the police agent.
How confident are you that your plan will work? This ex-
planation involves the agent computing a measure of how
confident it is in the selected plan. For example, a human op-
erator might be doubtful about the effectiveness of the police
agent’s selected plan and request that the agent to report its
confidence. This will help the human operator decide whether
to trust the agent or override it. The scope of this explanation
is Justification because the confidence measure is used to
justify the agent’s decision. The source is Introspective in
most cases as this is the only way to measure the agent’s
confidence. However, a measure of reasonableness of a given
plan may be computed externally in a Post-Hoc fashion. The
depth can be either Attribute or Model depending on how the
confidence metric is calculated.

6.2 Teaching Scope
We now switch to explanations that follow from a teaching
scope because the explainer is informing another user (or
agent) about other available decisions rather than justifying
a particular one. Some questions from a justification scope
could be asked in a teaching scope because of a different
motivation.
Why did you decide to switch goals? Agents may be able
to use their own local knowledge to check for incorrect as-
sumptions in other agents. For example, suppose a police
agent informs the dispatcher of switching from clearing rub-
ble for an ambulance to clearing rubble for a fire patrol. The
dispatcher may not know the state of the fire patrol and the
explanation needs to shift from justifying to teaching scope,
where the agent may need to clarify its closeness to the fire.
Which other similar goals are possible? This involves the
agent proposing new goals to the user that it believes are
similar to its current goal. This may be particularly useful in
cases where the agent cannot complete its current goal and
believes it should switch to a new goal.

Extending the example, suppose that the police agent re-
ports to the human operator that it has decided to switch goals
to assist the fire truck. The human operator may know that
there are many alternative routes for the fire truck to take.
The operator knows that there are probably more productive
goals for the police agent, but doesn’t necessarily know what
they are. In this case, the police agent can provide a list of
goals that it believes to be similar for the human operator to
decide from. These goals might include scouting a nearby
area or clearing rubble for another agent.
Interventions: Explanations may relate to the use of inter-
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ventions. Questions along these lines ask the agent to consider
possible alternatives, some hypothetical.
How would the scenario need to change for you to retain your
original goal? Given that an agent is proposing to change its
goal, this query requires the agent to propose hypothetical
scenarios where it would not change goals. For example,
Figure 4 shows a police agent that decides to change plans
from Plan 1 to Plan 2. It may explain that if the middle house
was not on fire or if the distance was 1 kilometer further, it
would have continued with Plan 1 instead.
How would the scenario need to change for you to change to
this specific goal? This explanation type is the reverse of the
previous explanation type. Given that an agent is proposing to
retain its existing goal, a human operator may wish to know
which scenarios would cause the agent to change to a specific
goal. For example, suppose that the police agent decided to
retain its Plan 1 goal in Figure 4. The human operator may
ask what would need to change about the current situation
for the police agent to consider switching to the goal of Plan
2. An example response might be that in order to switch to
the goal of Plan 2, there would need to be more houses on
fire in the area.
Counterfactuals: Other explanations relate to the use of
counterfactuals. Questions along these lines ask the agent to
consider alternatives in the face of negative possible worlds.
What do you predict the scenario will look like after a partic-
ular action is taken? [Introspective, Model] This explanation
makes a comparison of what the model thinks would happen
as a result of executing the proposed plan instead of the cur-
rent plan (Model explanation) (e.g. show me the predicted
outcome of executing both plans – the user really just wants
to know which plan is likely to prevent the most damage in
the least amount of time).
What would you do in this situation if I changed your pri-
orities? This explanation involves the agent responding to a
hypothetical scenario in which its own priorities have been
altered. For example, a human operator might ask the police
agent what action it would take if its highest priority was to
minimize civilian casualties. This type of explanation has an
Introspective source. The depth depends on the implementa-
tion and could be either Attribute or Model.

6.3 Visualizing the schedule changes
We plan to explore two kinds of visualization for explanations
of competing objectives and the resulting plans. The first is
exemplified by Figure 4. Agents consist of police (blue) or
ambulance (red), and roads are blocked by rubble (black).
Buildings can be normal (white), burning (yellow), or de-
stroyed (black). The situation is relatively simple, but the
information required to generate this explanation is complex.

The second visualization relies on an existing soft-
ware product called the Virtual Mission Operations Center
(VMOC), which has its origins in satellite scheduling. Fig-
ure 5 shows a mockup of an existing interface we will ex-
tend. VMOC is a space-qualified, U.S. government-owned,
satellite mission management and scheduling framework.
It is designed to be reusable and extensible, architected to
easily incorporate new missions, optimization algorithms,

and visualization applications. VMOC employs an HTML5-
compliant user interface which provides users with mission
management capabilities that include collection requirement
(goals) management, payload ahead-of-time and real-time
scheduling (planning), and stakeholder situational awareness.
VMOC has been providing mission management services
since the mid 2000s and currently supports several opera-
tional satellites.

VMOCs requirements management applications are graph-
ical user interfaces for viewing, creating, and refining satellite
mission tasking and requirements (goals). Users can choose
to be guided through requirement generation or take an ad-
vanced view where they are able to create, read, update, and
delete requirements.

VMOCs scheduling applications are centered around satel-
lite schedule generation (planning), visualization, compari-
son, and real-time task (goal) execution status. During candi-
date schedule generation, the scheduling application returns
both planned and unplanned activities, the latter including an
explanation for why the activity was not scheduled. Real-time
changes to schedules (plans) are pushed to the users browsers
for situational awareness. Because it supports a long lifecycle
for tasks, we plan to extend VMOC to support the kind of
plan (and goal) revision described in Figure 3.

7 Related Work
Our proposed focus builds upon replanning and plan repair,
which has a long history going back to the 1990s (e.g., (Ham-
mond 1990; Hanks and Weld 1995; Koenig, Furcy, and Baue
2002; Horty and Pollack 2001)). Comparisons of these ap-
proaches exist (e.g., (Fox et al. 2006)), and work by Nebel &
Koehler (1995) formally analyzed problems showing where
reuse can be as difficult as replanning from scratch. In ad-
dition to plan repair and replanning, the goal lifecycle rep-
resents changes in commitments that defer, reformulate, or
abandon goals. This fits well with the theme of planning as
an iterative process advocated by Smith (2012), where the
objectives shift along with exploration of the possible plans.
We plan to more fully explore this distinction in future work.

Several areas of research have considered how to select
between alternative objectives or adjusting commitments dur-
ing execution. The most closely related to our approach is
that of partial satisfaction planning by Benton et al. (2009).
This approach selects goals in the face of oversubscription or
preferences (soft goals) using the net utility, where the agent
tries to maximize the utility of achieving goals less the action
costs and penalties for unachieved goals. In contrast, our ap-
proach separates goal utilities from action costs through the
use of distinct quality metrics for each.

Several studies have examined generating multiple alter-
native plans in the context of multiple criteria (e.g., (Do and
Kambhampati 2003; Nguyen et al. 2012; Srivastava et al.
2007; Coman and Munoz-Avila 2011; Roberts, Howe, and
Ray 2014). Plans are often generated according to a diversity
measure that seeks to generate distinct alternatives. Our ap-
proach naturally accounts for generating multiple plans, what
we call goal expansion, in the goal lifecycle. While there is
work on creating flexible plans for dispatching (e.g., (Conrad
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Figure 4: Possible user interface for explaining alternative
plans according to multiple objectives.

and Williams 2011)), few studies have examined generating
diverse alternatives relative to execution flexibility.

Explanations for plans have been studied in the context
of generating preferred explanations (Sohrabi, Baier, and
McIlraith 2011), explainable agency (Langley et al. 2017),
generating trust with humans (Floyd and Aha 2017), and
model reconciliation (Chakraborti et al. 2017). Much of this
work is concerned with how information is selected and pre-
sented to the user. Seegebarth et al.(2012) present a formal
model demonstrating how to use the plan structure from a hy-
brid HTN-POCL planning system to generate explanations;
this approach bears the closest resemblance to our effort.
Rosenthal, Selvaraj and Veloso (2016) categorize explana-
tions provided by a mobile robot according to three parame-
ters: abstraction (governing vocabulary), locality (governing
the relevant portion of the plan) and specificity (governing
detail). More recently, Fox et al. (2017) have characterized
the kinds of explanations that may be needed in such systems
along with initial results and a roadmap advocating for a
sustained effort in Explainable Planning.

Work from a cognitive science perspective, such as that
of Keil (2003), relate to focusing explanation on what is
appropriate for a given audience and application. In contrast,
Tolchinsky et al. (2012) focus on the use of explanation to
make dialog more convincing. While these categorizations
are useful to determine what a user might need, they are
less useful at figuring out what techniques, or ”hooks”, need
to be present in the underlying AI in order to furnish this
information.

Some work has been done along the lines of a ”require-
ments and capabilities analysis.” Bibal (2016) share this view
that existing semantics do not suit this purpose for many
applications although they do not propose a unified set of
categories that do so. One important distinction is made by
Montavon et. al. (2018) where they make the distinction
between an explanation (what we call an Attribute Identity
explanation) and an interpretation (which aims to make the
final output of the AI system more understandable). While

Figure 5: Existing VMOC interface we plan to extend for
exploring alternative objectives.

this is useful, we feel it may be too narrow. Sometimes an
explanation needs to contain detail about the identity of at-
tributes or features, in the interpretable domain, and some-
times an explanation changes based on how it is used (what
we call Attribute Use explanations) and why it is used in
that manner (what we call Model explanations). Perhaps
closest to our work, at least in terms of purpose, is that of
Doran et. al. (2017) with four categories: Opaque (no insight),
Interpretable (mathematically analyzable), Comprehensible
(producing user-interpretable symbols) and Explainable (au-
tomated reasoning to produce explanations).

8 Summary
We have advocated a broader perspective when considering
explainable planning that includes the spectrum of commit-
ment adjustments that can take place while executing a plan.
These adjustments include not just plan repair and replanning
but also goal deferment, regoaling, and goal abandonment.
We demonstrated that this larger perspective can be captured
as part of the goal lifecycle from prior work and showed how
the lifecycle can facilitate explanation. We then categorized
the kinds of explanation that could take place according to a
taxonomy of three dimensions: source, depth, and scope. Us-
ing this taxonomy, we examined many kinds of explanations.
Finally, we showed two possible visualizations we plan to
explore as our project continues.
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Abstract

There is a growing interest within the AI research commu-
nity in developing autonomous systems capable of explain-
ing their behavior to users. However, the problem of com-
puting explanations for users of different levels of expertise
has received little research attention. We propose an approach
for addressing this problem by representing the user’s under-
standing of the task as an abstraction of the domain model that
the planner uses. We present algorithms for generating min-
imal explanations in cases where this abstract human model
is not known. We reduce the problem of generating an ex-
planation to a search over the space of abstract models and
show that while the complete problem is NP-hard, a greedy
algorithm can provide good approximations of the optimal
solution. We also empirically show that our approach can ef-
ficiently compute explanations for a variety of problems.

1 Introduction
AI systems have the potential to transform society by assist-
ing humans in diverse situations ranging from extraplanetary
exploration to assisted living. In order to achieve this poten-
tial, however, humans working with such systems need to be
able to understand them just as they would understand hu-
man team members. This presents a number of challenges
because most humans do not understand AI algorithms and
their behavior at the same intuitive level that they understand
other humans. Recently, there have been attempts to bridge
this gap by developing systems capable of explaining their
behavior. Most recently (Chakraborti et al. 2017) formulated
the problem of explaining plans as that of model reconcili-
ation. Their approach relied on identifying ways of bring-
ing the human model (i.e the explainee model) closer to the
robot model so that the plan in question appears optimal in
the new model. Their work looked at scenarios in which the
human used a model of the domain that was at the same
level of fidelity as the one used by the agent to generate the
plan. This approach, unfortunately, did not capture scenar-
ios where the human possessed a lower level of expertise

*This is an extended version of the paper “Hierarchical Exper-
tise Level Modeling for User Specific Contrastive Explanations”
that is to appear in IJCAI 2018. The current version includes a
demonstration of the proposed approach (Section 5) that was not
part of the IJCAI version.

and thus used a more “abstract” or coarser representation of
the model as compared to the AI agent.

In this paper, we propose a new approach to this prob-
lem where the agent explains its ongoing or planned behav-
ior to humans with differing levels of expertise. We con-
sider explanations in the framework of counterfactual rea-
soning, where a user who is confused by the agent's activity
(or proposed activity) presents alternative behavior that they
would have expected the agent to execute. This aligns with
the widely held belief that humans expect explanations to
be contrastive (Miller 2017). In keeping with the terminol-
ogy used in social sciences literature we will call the set of
alternative behaviors as foils to the proposed robot behavior.

For instance, consider a mission-control operator who
needs to supervise the activity of an autonomous robot on
Mars in the midst of a sandstorm that could present valu-
able data for analysis. If the robot proposes to go back to the
base before going to a vantage point for observing the storm,
the operator would naturally be perplexed, and may be moti-
vated to ask, why doesn't the robot go directly to the vantage
point?! Similarly, a human team member at a manufactur-
ing plant may be perplexed by a robot's unnecessary detours
while assembling an automobile engine. Not only do such
situations involve personnel with varying skill levels, they
also place a premium on the size of explanations.

A natural interaction would have the robot present an ex-
planation about why the human's counterfactual suggestion
would not apply in the current situation. This explanation
could involve facts about the environment as well as about
the robot's constraints. E.g., “I need to get a new battery
pack to observe the sandstorm for at least 30 minutes with-
out interruption”. Such explanations need to be attuned to
the level of understanding of the human involved. If the
operator happens to be the lead designer of the robot's se-
quential decision-making engine, the robot could provide
more specific information, e.g. “I am carrying battery-pack
#00920”, because this operator knows that some battery
packs wouldn't allow it to carry out the full observation.

In this paper we present the Hierarchical Expertise-
Level Modeling or the HELM approach for facilitating
such context and user-specific explanations. We assume that
the human user’s understanding of the task is an abstraction
of the model used by the robot. HELM generates the ap-
propriate explanation by searching through a model lattice
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of possible abstractions of the agent's model. Each model
within this lattice represents a different level of understand-
ing of the task, with the highest fidelity representation (cor-
responding to the most detailed understanding of the do-
main used by the robot) forming the base of the lattice and
the model representing the most naive understanding of the
task (for example one held by a lay user) forming the high-
est node. Since the user's level of expertise is unknown to
the agent, our algorithm estimates the human model before
searching for an explanation. While we assume a closed
form model in this paper, we plan to extend our approach
to arbitrary generative models or simulations in future work.

Our explanations consist of information that may be ab-
sent in the user's abstract model, and show why the foil
doesn't apply in the true situation. These explanations will
cause the user’s model to shift to a more accurate model
in the lattice (and ultimately achieve model reconciliation).
We will refer to model updates constituting these explana-
tions as model concretizations. Our framework can also be
extended to situations where a user's understanding is ab-
stract and erroneous. In this paper, we focus on the funda-
mental aspects of the problem and restrict our attention to
settings where the user's understanding is an abstraction of
the actual situation.

Readers familiar with counter-example guided model
checking (CEGAR) literature (Clarke et al. 2000) or its ap-
plications in planning (Seipp and Helmert 2013) will no-
tice that our method of refining models is quite reminis-
cent of model refinement methods discussed in that litera-
ture. The foils we consider in our approach are equivalent to
the counter-examples used by CEGAR methods and similar
to these methods we too are looking for concretizations that
refute these counter-examples. We provide a more detailed
comparison between the methods in Section 6.

The rest of this paper is structured as follows. In Section
2, we present our formal framework. Section 3 covers dif-
ferent approaches for generating explanation and Section 4
presents empirical evaluation of these methods on standard
IPC domains. Through Section 5, we will discuss the ap-
plication of this method on a simple task and motion plan-
ning problem. In sections 6 and 7, we will discuss the related
work and possible future directions.

2 Hierarchical Expertise-Level Models
In this work, we focus on abstractions that form models
by projecting out state fluents. While the presentation in
the following sections is equally valid for both predicate
and propositional abstractions, we will focus on proposi-
tional abstractions to keep our formulation clear and con-
cise. We will look at planning models of the form M =
〈P, S,A, I,G〉 where P gives the set of state fluents, S the
set of possible states, A the set of actions, I the initial state
and G the goal. Each state s ∈ S is uniquely represented by
the set of propositions that are true in that state, i.e, s ⊆ P .

Each action a ∈ A is associated with a set of precon-
ditions preca that need to hold for the effects (ea) of that
action to be applied to a particular state. Each effect set ea
can be further separated into a set of add effects e+

a and a set

Figure 1: An illustration of the hierarchical explanation process.
The human observer who views the task at a higher level of ab-
straction expects the rover to execute a different plan from the one
chosen by the rover. The rover presents the human with an expla-
nation it believes will help resolve the foils in the human’s updated
model.

of delete effects e−a . The result of executing an action a on a
state s in this setting is defined as follows

a(S) =

{
(S ∪ e+

a ) \ e−a , if preca ⊆ S
S otherwise

A plan π is defined as a sequence of actions (〈a1, .., an〉, n
being the size of the plan), and a plan is said to solveM (i.e,
π(I) |=M G) if π(I) ⊇ G.

Automated planning has a long tradition of employing
abstraction both for plan generation (c.f (Sacerdoti 1974))
and for generating heuristics (c.f (Seipp and Helmert 2013;
Keyder et al. 2012)) and a number of different abstraction
schemes have been proposed in these works. In fact, state
abstractions as presented in this work have been widely used
in pattern databases and are referred to as projections in
that literature (c.f (Culberson and Schaeffer 1998; Edelkamp
2000)). Following works like (Seipp and Helmert 2013;
Backstrom and Jonsson 2013), we will also use the concept
of a transition system induced by the planning model to de-
fine state abstractions. Intuitively, a transition system con-
stitutes a graph where the nodes represent possible states,
and the edges capture the transitions between the states that
are valid in the corresponding planning model. We refer the
readers to the previously mentioned works for further anal-
yses of state transition systems and their connection to ab-
stractions.
Definition 1. A set X is said to be a propositional abstrac-
tion of a set of states S with respect to some set of proposi-
tions Λ, if there exists a surjective mapping fΛ : S → X ,
such that for every state s ∈ S, there exists a state fΛ(s) ∈
X where fΛ(s) = s \ Λ.

For notational convenience we will refer to the set of
states obtained by abstracting out the proposition set Λ from
some set of states S as [S]fΛ

.
Definition 2. For a planning model M = 〈P, S,A, I,G〉
with a corresponding transition system T , a model
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M′ = 〈P ′, S′, A, I ′, G′〉 with a transition system T ′ is
considered an abstraction of MMM, if there exists a set of
propositions Λ, such that P ′ = P − Λ, S′ = [S]fΛ

,
I ′ = fΛ(I), G′ = fΛ(G) and for every transition s1

a−→ s2

in T corresponding to an action a, there exists an equivalent

transition (s1 \Λ)
[a]fΛ−−−→ (s2 \Λ) in T ′, where [a]fΛ

is part
of the new action set A′.

As per Definition 2, the abstract model is complete in the
sense that all plans that were valid in the original model will
have an equivalent plan in this new model. We will use the
operator @ to capture the fact that a model M is less ab-
stract than the modelM′, i.e ifM @M′ then there exist a
set of propositions Λ such thatM = [M′]fΛ

. With the def-
inition of abstraction and related notations in place, we are
now ready to define a model lattice. We will use this lattice
to both estimate the human model and to identify explana-
tions.

Definition 3. For a modelM#, the model lattice LLL is a tu-
ple of the formL = 〈M,E,P, `〉, where M is the set of lattice
nodes such thatM# ∈M and ∀M′ ∈M,M# vM′, E is
the lattice edges, P is the superset of propositions considered
for abstraction within this lattice and ` is a function mapping
edges to labels. Additionally, for each edge ei = (Mi,Mj)
there exists a proposition p ∈ P such that [Mi]fp = Mj

and `(Mi,Mj) = p.

Thus each edge in this lattice corresponds to an abstrac-
tion formed by projecting out a single proposition (repre-
sented by the label of the edge). We can also define a con-
cretization function γp that retrieves the model that was used
to generate the given abstract model by projecting out the
proposition p, i.e, γp(M) = M′ if (M′,M) ∈ E and
`(M′,M) = p else γp(M) =M.

Throughout the rest of this work, we will make some as-
sumptions on the structure of the lattice L and the abstrac-
tion methods used by L to simplify our discussions. In this
paper, we will focus on lattices where each node in M has
an incoming edge for every proposition missing from its cor-
responding model. We will refer to lattices that satisfy this
property as Proposition Conserving lattices. Additionally,
we will call a proposition conserving lattice that contains an
abstract node corresponding to each possible subset of P as
the Complete Lattice forM given P.

Formally, a lattice L is proposition conserving, iff for
any model M ∈ M and ∀p ∈ P, if p is not in PM then
there exists a model M′ ∈ M, such that (M′,M) ∈ E
and `(M′,M) = p). Notice that enforcing conservation of
propositions doesn’t require any further assumptions about
the human model and can be easily ensured by the agent
generating the lattice.

We also assume that all abstraction functions used in gen-
erating the models in the lattice are commutative and idem-
potent, i.e., [[M]fp1

]fp2
= [[M]fp2

]fp1
and [[M]fp1

]fp1
=

[M]fp1
. Readers can refer to (Srivastava, Russell, and Pinto

2016) for a comprehensive list of ways to generate abstract
models that satisfy these properties.

As mentioned earlier, we consider an explanation gen-

eration setting where the human observer uses a task
model (denoted as MH = 〈PH , SH , AH , IH , GH〉), that
is a more abstract version of the robot’s model (MR =
〈PH , SR, AR, IR, GR〉). While the robot may not know
MH , it knows that MH is a member of the set M for
the lattice L. The human comes up with a foil set F =
{π1, π2, ..., πm} that the robot needs to refute by providing
an explanation E regarding the task. The explanation should
contain information about specific domain properties (i.e.,
state fluents) that are missing from the human’s model and
how these properties affect different actions (For example,
which actions use these propositions as preconditions and
which ones generate/delete them). To illustrate the utility of
such explanations consider an example involving a simpli-
fied version of the rover domain mentioned earlier.
Example 1. Let us suppose that the rover uses a modi-
fied version of the IPC rover domain (International Planning
Competition 2011) that also takes into account the battery
level of the rover. Each rover operation has a different en-
ergy requirement, and the battery level needs to be above a
predefined threshold for it to execute them, e.g., it can per-
form rock sampling only if the battery level is above 75%.
Furthermore, the rover needs to visit the base station (i.e.,
the lander) and perform a reset action to recharge its batter-
ies.

The rover knows that the human observer is at
most ignorant of its energy requirements and/or stor-
age capabilities. So the model lattice L needs to
consider abstractions corresponding to the follow-
ing propositions P={battery level above 25 perc, bat-
tery level above 50 perc, battery level above 75 perc,
full store}. Figure 2 shows the lattice that the robot would
use in this setting. Here we will create each abstract model
by dropping a proposition from the more concrete model
and by making the effects of action non-deterministic if the
dropped predicate appears in the precondition. For example,
if the action drop store1 has effects of the form

{full store1, store of store1} → {¬full store1, empty store1}
Now in an abstract version of this model, if the proposition

full store1 is dropped the effect becomes

{ store of store1} → ND{ empty store1}
Which now says that the action’s effects are non-

deterministic and executing drop store1 may or may not turn
the fluent empty store1 true.

Here the robot presents the plan

πR = 〈 navigate w0 lander, reset at lander, navigate lander w1,
sample rock store0 w1〉

and the observer responds by proposing the foil set

F = {〈 navigate w0 w1, navigate lander w1,
sample rock store0 w1 〉}

If the robot knew that the human was ignorant about
all the battery level predicates and nothing else, the robot
could help resolve the human confusion by informing them
about the fact that action sample rock requires the bat-
tery to be above 75% (i.e describing the proposition bat-
tery level above 75 perc) and in this updated model the
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Figure 2: A possible abstraction lattice for the rover domain.

human foil can no longer achieve the goal. We can repre-
sent such an explanation using the set of propositions whose
concretization is required to refute the given foils.
Definition 4. An explanation E of size n for the human
modelMH and a foil set F can be represented as a set of
propositions of the form E = {p1, ..., pn} such that
∀π ∈ F, π(IγE(MH)) 6|=γE(MH) GγE(MH)

Where γE(MH) is the model obtained by applying the con-
cretizations corresponding to E on the modelMH .

In Example 1, the rover would have difficulty coming up
with a single explanation as it does not knowMH . One pos-
sibility would be to restrict its attention to just the models
that are consistent with the foils . In this scenario, this would
correspond to {c6, c7, c9, c10, c11, c12}.

Now we need to find a way of generating explanations
given this reduced set of models.
Proposition 1. Let Mi be some model in L such that
MH v Mi. If E is a valid explanation for Mi and some
foil set F , then E must also explain F forMH .

This proposition directly follows from the fact that for
a proposition conserving lattice γE(Mi) will be a logical
weaker model than γE(MH). Next, we will define the con-
cept of a minimal abstraction set for a given lattice L and
foils F
Definition 5. Given an the abstraction lattice L =
〈M,E,P, `〉 the minimal abstraction set Mmin is the supre-
mum of all the models that are consistent with the foil set F .
Mmin = sup{Mi|Mi ∈ M,∀π ∈ F (π(IMi

) |=Mi

GMi
)}

In Example 1, the minimal abstract model set will be
Mmin = {c11, c12}.

If we can find an explanation that is valid for all the mod-
els in Mmin then by Proposition 1 it must work for MH as
well.
Proposition 2. For a given model lattice L, the minimal ab-
straction set Mmin and a set of foils F , there exists an ex-
planation E such that ∀M′ ∈Mmin and ∀π ∈ F ,
π(IγE(M′)) 6|=γE(M′) GγE(M′)

It is easy to see why this property holds, as any explana-
tion that involves concretizing all possible propositions in P
satisfies this property.

In most cases, we would prefer to compute the least
costly or the shortest explanation (if all concretizations are
equally expensive) to the explainee. In the rover example,

even if the human is unaware of multiple task details, the
robot can easily resolve the explainee’s doubts by just ex-
plaining the concretizations related to the proposition bat-
tery level above 75 perc without getting into other details.
Describing the details of remaining propositions is unnec-
essary and in the worst case might leave the human feel-
ing overwhelmed and confused. In this case, the explanation
would just include information regarding battery levels and
how to identify when the battery level is or above 75% and
model updates like
sample rock-has-precondition-battery level above 75 perc
sample soil-has-precondition-battery level above 75 perc
...
Before delving into the optimization version of the problem,
let us look at the complexity of the corresponding decision
problem

Theorem 1. Given a minimal abstraction set Mmin, a plan
πR, the set of propositions being abstracted P and the set of
foils F for a modelM, the problem of identifying whether
an explanation of size k exists for the complete lattice is NP-
complete.

Proof (Sketch). The fact that we can test the validity of the
given explanation in polynomial time (size of the explana-
tion is guaranteed to be smaller than |P|) shows that the
problem is in NP. We can show NP-completeness by re-
ducing the set covering problem (Bernhard and Vygen 2008)
to an instance of the explanation generation problem. Let’s
consider a set covering problem with U as the universe set
and S as the set of sub-collections. Now let us create an
explanation generation problem where the set of foils F is
equal to U and the propositions in the set P contain a propo-
sition for each member of S. Additionally concretizing with
respect to a proposition will resolve only the foils covered
by its corresponding subset in S. For this setting, we can
construct a fully connected proposition conserving lattice L
of height |S|. Within the lattice, there exists a unique most
abstract model where all the foils hold and a single most con-
crete model (where none of the foils hold). Now if we can
come up with an explanation of size k in this setting, then
this explanation corresponds to a set cover of size k.

3 Generating Minimal Explanations
As mentioned earlier, we are interested in producing the
minimal explanation. Additionally, in most domains, the
cost of communicating the concretization details could vary
among propositions. An explanation that involves a propo-
sition that appears in every action definition might be harder
to communicate than one that only uses a proposition that is
part of the definition of a single action.

In addition to the actual size, the comprehensibility of the
explanations may also depend on factors like human’s men-
tal load, the familiarity with the concepts captured by the
propositions, etc.. To keep our discussions simple, we will
restrict the cost of communicating an explanation to just
the number of unique model updates this explanation would
bring about in the human model.We will use the symbol Cp
to represent the cost of communicating the changes related
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to the proposition p and also overload it to work on sets of
propositions.

Now our problem is to find the cheapest explanation (rep-
resented as Emin) for a given set of foils F , and the mini-
mal abstract model set Mmin. One possibility is to perform
an A* search (Hart, Nilsson, and Raphael 1968) over the
space of possible propositional concretizations to identify
Emin. Each search state consists of the minimal set of ab-
stract models for the human model given the current expla-
nation prefix. We will stop the search as soon as we find a
state where the foils no longer hold for the current minimal
set.
Proposition 3. Let Mmin be the minimal abstraction set for
a given lattice L = 〈M,E,P, `〉 and foil set F . Then for
a proposition p, the set M̂min formed by applying the con-
cretization corresponding to p on every element of Mmin

will be the minimal abstract set for M̂ formed by applying
the concretization γp on every element of M given F .

The above property implies that we don’t need to look
at the lattice L to recalculate minimal abstraction set after
the application of every concretization function. We can also
further simplify our problem by exploiting the fact that a par-
ticular propositional concretization resolves a foil (i.e., make
the foil no longer valid) when it either adds a precondition
(or a new condition for a conditional effect) or a goal fact
that can not be satisfied by the foil. To concisely capture this
idea we will introduce the concept of a foil resolution set to
represent the subset of foils resolved by the concretization
of a particular proposition.
Definition 6. For a set of models M′, a foil set F and
a proposition p, the resolution set RF (M′, p) gives
the subset of foils that no longer holds in the con-
cretized models, i.e RF (M′, p) = {π|π ∈ F ∧ (∀M′ ∈
M′(π(Iγp(M′)) 6|=γp(M′) Gγp(M′) ∧ π(IM′) |=M′ GM′))}.

We will also use RF to represent the set of foils resolved
by a sequence of propositions
Proposition 4. For a set of model M′ and a foil set F

RF (M′, 〈p1, p2〉) = RF (M′, 〈p1〉) ∪ RF (M′, 〈p2〉)
The above property implies that concretizing any n propo-

sitions cannot resolve foils that weren’t resolved by the in-
dividual propositions. The idea of generating resolution sets
are again closely related to the idea of resolving counter-
examples and can be understood
Proposition 5. For two models M1, M2 and a set of
foils F , if M1 v M2 then for any proposition p,
RF ({M1}, p) ⊆ RF ({M2}, p)

The above proposition ensures that if an explanation is the
minimal one for Mmin, then it must be the minimal expla-
nation forMH as well.

These propositions will be instrumental in proving the
effectiveness of our greedy algorithm described by Algo-
rithm 1. In each iteration of this search, the algorithm greed-
ily chooses the proposition that minimizes Cp

|F ′∩RF (M′,p)| ,
where F ′ is the set of unresolved foils at that iteration and
the search ends when all foils are resolved.

Algorithm 1 Greedy Algorithm for Generating Ê
1: procedure GREEDY-EXP-SEARCH

2: Input: 〈F,L = 〈M,E, P, `〉〉
3: Output: Explanation Ê

4: Procedure:
5: curr model = 〈Mmin, F 〉
6: Ê = {}
7: Mmin ←MinimalAbstractModels(L, F )
8: Precompute the resolution setsRF (Mmin, p) for each p ∈ P
9: while True do

10: M′, F ′ = curr model
11: if |F ′| = 0 then return Ê . Return Ê if all the foils are resolved
12: else
13: pnext = arg minp(

Cp
|F ′∩RF (M′,p)| )

14: Mnew = {γpnext (M)|M ∈ M′}
15: curr model = 〈Mnew, F \ RF (M′, p)〉
16: Ê = Ê ∪ p

Theorem 2. The explanation Ê generated by Algorithm 1
for a set of foils F and a lattice L = 〈M,E,P, `〉 is less
than or equal to (ln k) ∗ CEmin

, where CEmin
is the cost

of an optimal explanation and k represents the maximum
number of foils that can be resolved by concretizing a single
proposition, i.e, k = maxp |RF (Mmin, p)|.

Proof (Sketch). We will prove the above theorem by show-
ing that Algorithm 1 corresponds to the greedy search algo-
rithm for a weighted set cover problem. Consider a weighted
set cover problem 〈U, S,W 〉 such that the universe set U =
F , the subcollections set S is defined as S = {sp|p ∈ P}
where sp = RF (Mmin, p) and the cost of each subset sp is
gives as W (sp) = Cp. Proposition 4 ensures that the size
of resolution set is a submodular and monotonic function. In
this setting, the act of identifying a set of propositions that
resolve the foil set is identical to coming up with a set cover
for U in the new weighted set cover problem. Furthermore,
we can show that the optimal set cover Copt must correspond
to the cheapest explanation Emin (We can prove this equiv-
alence using Propositions 1,2 and 4, we are skipping the de-
tails of this proof due to space constraints). Algorithm 1 de-
scribes a greedy way of identifying the cheapest set cover
for this weighted set cover problem and thus the minimal
explanation for the original problem. For weighted set cover
the above greedy algorithm is guaranteed to generate solu-
tions that are at most ln k ∗W (Copt) (Young 2008), where
k = maxs∈S |s| and this approximation guarantee will hold
for Emin as well.

We can use this algorithm to either generate solutions and
or to calculate an inadmissible heuristic for the previously
mentioned A* search. For the heuristic generation, we will
further simplify the calculations (specifically step 8 in Al-
gorithm 1) by considering an over-approximation of RF .
Instead of considering the set of all foils resolved by con-
cretizing each proposition p, we will consider the set of foils
where p appears in the precondition of one of the actions in
it. This set should be a superset forRF for any proposition.
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Figure 3: An example explanation generated by our system for
rover domain. The human incorrectly believes that the rover can
communicate sample information without explicitly collecting any
samples. While the abstraction lattice was generated by projecting
out upto 12 predicates, the search correctly identifies concretiza-
tions related to (have soil analysis ?r - rover ?w - waypoint) as the
cheapest explanation

4 Empirical Evaluations
In our evaluation, we wanted to understand how effective our
approaches were in terms of the conciseness of the explana-
tions produced, the solution computation time and the use-
fulness of approximation. For the approximation, we were
interested in identifying the trade-off between decrease in
runtime vs. reduction in solution quality. All three expla-
nation methods discussed in this paper (blind, heuristic and
greedy) were evaluated on five IPC benchmark domains(In-
ternational Planning Competition 2011). All the experiments
detailed in this section were run on an Ubuntu workstation
with 64G RAM.

For each domain, we selected 30 problems from either
available test sets or by using standard problem generators
(the problems sizes were selected to reflect the size of previ-
ous IPC test problems). The lattice for each problem-domain
pair was generated by randomly selecting 50% of domain
predicates and then generating a fully connected proposition
conserving lattice using that set of predicates. Since none
of the models contained any conditional effects, we created
the abstract models by dropping the propositions to be ab-
stracted from the domain models (which is still complete for
these models). The foils were generated by selecting random
models from the lattice and creating plans from these models
that do not hold in the concrete model. Each search evaluated
here, generates the set of proposition whose concretizations
can resolve the foils set F . In actual applications, this set of
propositions needs to be converted into an explanan (the ac-
tual message) by considering how this proposition is used in
the robot model. Figure 3 shows the explanation generated
by our approach for a problem in Rover domain.

The table in Figure 4 presents the results from our em-
pirical evaluation on the IPC domains. The table shows the
average cost/size of each explanation along with the time
taken to generate them. Note that by size, we refer to the
number of predicates that are part of the explanation while
the cost reflects the total number of unique model updates
induced by that explanation. We attempted explanation gen-
eration for foil set sizes of one, two and four per problem.

Our main conclusion is that heuristic search seems to out-

perform blind search in almost every problem and generates
near-optimal solutions (Blind search always generates the
minimal explanation). Further, we saw that greedy search
outperformed heuristic search in most cases barring a few
exceptions. The greedy search was able to make significant
gains especially for higher foil set sizes. This is entirely ex-
pected due to the fact that step 8 in Algorithm 1 can be
expensive for problems with long plans (but still polyno-
mial). This expensive pre-computation pays off as we move
to cases where Emin consists of multiple propositions. Ad-
ditionally, we found out that greedy solutions were quite
comparable to the optimal solutions with respect to their
costs. For example in |F | = 4 for satellite domain, while
the greedy solution cost took a penalty of∼ 1.4% the search
time was reduced by ∼ 68%. The graph in 4 plots the com-
parison between the time saved by the greedy search versus
any loss in optimality incurred by the greedy search.

5 Robot Demonstration
This section describes a demonstration of our approach on
a physical robot for a simple grocery putaway task. Fig-
ure 6 presents the basic setup for the task. The goal of the
robot here is to put away a bottle of tablets, a can of en-
ergy drink and a jar of sugar to proper storage locations. The
storage location of each object is decided based on its type.
For example, the robot should place the medicine bottle in
the medicine cabinet, the sugar jar in the high pantry shelf,
while the energy drink needs to be handed over to the hu-
man. In addition to these task-level constraints, the robot’s
operations are restricted by various motion level constraints
that limit the possible physical movements that the robot can
perform. For example, given the current position of the sugar
jar on the table, the robot couldn’t come up with any pickup
pose that would allow the robot to place the sugar jar on the
high shelf. In such cases, the robot could always enlist the
help of the human to complete the plan.

In this setting, we will assume that the most concrete
robot model consists of action descriptions that include
both task-level symbols as well as continuous geometric ar-
guments. Figure 7 presents the definitions for pickup and
place in high shelf actions in the most concrete model. In
this model, the arguments of type ?pose and ?traj represents
the pickup/putdown pose (the position and orientation of the
end effector) and motion plans followed by the robot to per-
form the pickup/putdown.For this demo, we will consider a
non proposition conserving model lattice that spans multi-
ple levels of abstractions. Starting out we can convert each
of the continuous arguments into geometric symbols (this
is similar to the approach used in (Srivastava et al. 2014)).
Next, we will further abstract the poses to align with possi-
ble regions on the object (i.e., pick up the object from the
bottom, middle or top). We will also consider abstractions
where we combine the predicates is putdown pose and col-
lision free trajectory into a single predicate called reachable
and also create new models by dropping arguments from the
actions (we only drop an argument when none of the pred-
icates use this argument). Figure 8 presents an intermediate
model where most of the geometric predicates are already
abstracted out. There could also be additional non-geometric
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Domain Name CP |P| |F | Blind Search (Optimal) Heuristic Search Greedy Set Cover
Cost Size Time(S) Cost Size Time(S) Cost Size Time(S)

Barman

84.07 7 1 6.87 1 2.43 6.87 1 2.08 6.87 1 3.61
84 7 2 8.94 1.22 6.35 8.94 1.22 5.71 9.90 1.39 6.05

90.7 7 4 17.19 1.77 24.99 17.19 1.77 23.7 18.45 1.97 10.34

Rover

168.66 12 1 3.58 1 7.86 3.58 1 5.22 3.58 1 19.18
188.83 12 2 6.13 1.48 51.36 6.12 1.48 34.04 6.26 1.52 30.5
192.83 12 4 10.87 2 203.83 10.87 2 181.87 11.42 2.19 49.32

Satellite

53.01 4 1 18.73 1 2.23 18.73 1 1.92 18.73 1 1.49
60.77 4 2 32 1.61 7.21 32 1.6 5.86 32.53 1.7 3.04
62.73 4 4 43.27 2.29 18.67 43.27 2.29 16.42 43.88 2.39 5.85

Woodworking

156.71 7 1 14.45 1 2.84 14.45 1 2.23 14.45 1 3.35
146.33 7 2 20.62 1.21 6.88 20.62 1.21 4.93 21.38 1.38 6.25

154 7 4 28.62 1.69 24.70 28.62 1.69 19.49 30.41 2 12.13

Sokoban

220.6 3 1 51.21 1 1.51 51.21 1 1.35 51.21 1 1.28
151.72 3 2 94.52 1.55 3.93 94.52 1.55 3.35 98.31 1.73 2.59
220.69 3 4 136.41 2.22 8.75 136.41 2.22 8.3 141.93 2.37 5.23

Figure 4: Table showing runtime/cost for explanations generated for standard IPC domains.Column |P| represents number of predicates that
were used in generating the lattice, while CP represents the cost of an explanation that tries to concretize all propositions in P and provides an
upper bound on explanation cost. The graph on the right side compares the performance of greedy set cover against the optimal blind search
for |F | = 4. It plots the average time saved by the set cover and the average increase in cost of the solution for each domain.

Figure 5: The plan and foils used in the scenario.

Figure 6: The grocery putaway domain setting.

predicates (like the is condiment type predicate) that can be
abstracted out.

Figure 5 presents a plan and possible foils that could be
generated in this domain. The plan involves the robot placing
the energy drink and medicine on its own but relying on the
human to complete the place action for sugar jar. The naive
user asks merely why the robot doesn’t finish the plan on its
own while the expert user provides specific grasp that she/he
believes can help the robot complete the plan. While the ex-
planation to the naive user relies on the high-level predicate
reachable, the explanation to the expert is more detailed and
relates to the fact that a lower region grasp will result in a
collision with the table. We can present such collisions to the
human by simulating the trajectories using tools like Rviz
(Hershberger, Gossow, and Faust 2016).

The readers can view the demonstration of the scenario
implemented on a fetch robot at https://youtu.be/

(:action pickup
:parameters (?x - item ?y - storage ?u - pose ?v - traj)
:precondition (and

(is pickup pose ?u ?x)
(is collision free traj ?x ?y ?u ?v)
(in ?x ?y) (handempty)

)
:effect (and

(not (handempty))
(not (in ?x ?y))
(holding ?x)
(increase (total-cost) 1)

)
)

(:action place in high shelf
:parameters (?x - item ?y - storage ?u - pose ?v - traj)
:precondition (and

(is putdown pose ?u ?x)
(is collision free traj ?x ?y ?u ?v)
(is condiment type ?x)
(holding ?x)
(is high shelf ?y)

)
:effect (and

(handempty)
(in ?x ?y)
(not (holding ?x))
(item putaway ?x)
(increase (total-cost) 1)

)
)

Figure 7: The action definitions for pickup and
place in high shelf from the most concrete model.

qUHg8RABjsw. OpenRAVE (Diankov 2010) was used to
compute the trajectories of the robot arm for the pickup and
place actions. COLLADA (Arnaud and Barnes 2006) mod-
els of the furniture and the items were created and populated
in the OpenRAVE environment using AR markers, the trans-
formation of which was obtained using the ar track alvar
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(:action pickup
:parameters (?x - item ?y - storage)
:precondition (and

(in ?x ?y) (handempty)
(reachable ?y)

)
:effect (and

(not (handempty))
(not (in ?x ?y))
(holding ?x)
(increase (total-cost) 1)

)
)

(:action place in high shelf
:parameters (?x - item ?y - storage)
:precondition (and

(is condiment type ?x)
(holding ?x) (reachable ?y)
(is high shelf ?y)

)
:effect (and

(handempty)
(in ?x ?y)
(not (holding ?x))
(item putaway ?x)
(increase (total-cost) 1)

)
)

Figure 8: The action definitions for pickup and
place in high shelf from an abstract model.

package available in ROS. Resulting OpenRAVE trajecto-
ries were then converted into ROS JointTrajectory messages
and executed on the robot.

6 Related Work
There is increasing interest within the automated planning
community to solve the problem of generating explana-
tions for plans ((Fox, Long, and Magazzeni 2017; Lang-
ley et al. 2017)). Earlier works like (Seegebarth et al. 2012;
Bercher et al. 2014; Kambhampati 1990) looked at explana-
tions as a way of describing the effects of plans, while works
like (Sohrabi, Baier, and McIlraith 2011; Meadows, Lang-
ley, and Emery 2013) looked at plans itself as explanations
for a set of observations. Another approach that has received
a lot of interest recently is to view explanations as a way
of achieving model reconciliation (Chakraborti et al. 2017).
Such explanations are seen as a solution to a model reconcil-
iation problem (referred to as MRP) and this approach postu-
lates that the goal of an explanation is to update the observer
model so they can correctly evaluate the plans in question.

we can also view our explanations as model updates that
focuses on a specific type of update, namely model con-
cretization. Unlike MRP we do not make any assumptions
about the availability of human model or the human’s com-
putational capabilities. The assumption that we have access
to foils help us scale to much larger problems as compared to
the original MRP approach to generate contrastive explana-

tions. Following the conventions of the original MRP paper,
we can see that the explanations studied here are both com-
plete and monotonic.

As noted, our work is closely related to the well studied
method of counter-example guided refinement or CEGAR
that was originally developed for Model checking. Many
planning works have successfully used CEGAR based meth-
ods to generate heuristics for plan generation ((Seipp and
Helmert 2013; 2014)). The idea of foil resolution set for a
given concretization is also closely related to the process
of identifying spurious counter examples employed by CE-
GAR based methods (c.f (Haslum et al. 2012; Keyder et al.
2012; Steinmetz and Hoffmann 2016)). One major differ-
ence between our work and standard CEGAR based meth-
ods is the fact that in our setting the abstract model pro-
ducing the foil (or counter-example) is unknown. Since we
are exclusively dealing with spurious counter-examples we
are also not bound to testing our foils (in other words iden-
tifying faults or pivot states) in the most concrete model
(which could be quite expensive). Further, traditional CE-
GAR methods are generally not as focused on identifying
the cheapest refinements.

Many abstraction schemes have been proposed for plan-
ning tasks (starting with (Sacerdoti 1974)), but in this paper,
we mainly focused on state abstractions and based our for-
mulation on previous works like (Srivastava, Russell, and
Pinto 2016) and (Backstrom and Jonsson 2013). It would
be interesting to see how we can extend the approaches dis-
cussed in this paper to handle temporal and procedural ab-
stractions (e.g., HLAs (Marthi, Russell, and Wolfe 2007)).

7 Conclusion and Discussion
In this paper, we investigated the problem of generating ex-
planations when the explainee understands the task model at
a lower levels of abstraction. We looked at how we can use
explanations as concretization for such scenarios and pro-
posed algorithms for generating minimal explanations. One
unique aspect of our approach is the use of foils as a way of
capturing human confusion about the problem. This not only
helps us formulate more efficient explanation generation
methods but also aligns with the widely held belief that hu-
man expect contrastive explanations (c.f. (Lombrozo 2012;
2006)). Moreover, in most real-world scenarios humans usu-
ally include the foil in the request for explanations unless
the foil is quite apparent from the context. Future directions
include extending the methods to handle models that are in-
correct in addition to being imprecise and looking at other
possible methods for abstraction. We also plan to perform
human factors studies on this explanation paradigm to eval-
uate its effectiveness.
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Abstract

This paper discuss the role of explanation and the solutions
adopted in the development of planning and scheduling tools
for the support of space mission operations at the European
Space Agency (ESA). A key point to strengthen the effec-
tiveness and success of fielding planning and scheduling ap-
plications in space is the capability of providing an expla-
nation of the solutions as well as of the solving process to
the end users. The approach has been consolidated over the
last decade while developing several tools and functionality
to support explanation, but the challenge is still open and far
away for being properly resolved.
Even though the approach has been utilized only in the space
operations domain, we think that the concepts and problems
highlighted are general enough to be applied to other domains
and/or planning algorithms.

Introduction
The success of ”deep learning” methods in the 2010s has
raised the attention on explaining the decisions taken by an
AI based system. In fact these methods are naturally opaque,
that is, their behavior cannot in general easily be understood
by humans. In order to foster research in the area of Explan-
able AI (XAI), agencies like DARPA have recently launched
ad-hoc programs (DARPA 2016).

AI Planning seems instead to be in a better position (with
respect to Machine Learning for instance) to provide a cor-
rect and complete explanation of its behavior and to result
more transparent to a not-expert end-user (Fox et al. 2017).

Even though the nature of AI planning is more adequate
to achieve transparent systems, explaining the behavior and
the solutions of planning algorithms is still far to be trivial.
In this paper we discuss the general approaches we use to
facilitate the explanation of the automated solving process.
We also make use of two recent applications where explana-
tion is playing a crucial role.

Motivation
A key point to strengthen the effectiveness and success of
fielding planning and scheduling applications in space is the
capability of providing an exact explanation of the solutions
as well as of the solving process to the end users.

This is very important for at least three reasons. First of
all the planning tool is usually introduced in an already run-
ning, operational environment in order to optimize and/or
automate some steps of the process. In this scenario, the
users already have been generating plans for some time, and
when the system provides solutions that they do not ”recog-
nize” it becomes of primary importance to be able to explain
how they have been generated and justify differences they
might find in the solutions generated by the ”new tool”.

Second, the planning tool will rarely work as ”black-box”
or pure plan generator. Usually a ”man-in-the loop” ap-
proach is the preferred, and the planning technologies shall
provide assistance to the human operators in generating or
updating plans. In this interactive scenarios, it is necessary
to provide explanations and to justify what is being done to
put the users in the position to properly interact with the sys-
tem.

Finally, since in operation usually the planning activity
is shared among different groups, each one responsible for
a sub-set of the whole plan, a proper explanation is also
needed to have effective iterations between the different
teams involved.

The remainder of the section provides a few examples of
the different types of explanation we encountered in our ex-
perience in developing Planning & Scheduling solutions to
support space operations.

Mexar2 experience
Our first project done in ESA-ESOC to introduce automated
planning was the MEXAR2 system which is responsible for
the generation of the activity plan used to download the
satellite data from the on board memory to ground (Cesta
et al. 2007).

The tool enables MARS-EXPRESS mission planners to
rapidly produce a data dumping plan as well as to explore al-
ternative solutions, providing the means to choose the more
robust plan for execution. Additionally, the user is currently
able to analyze the dumping problem over multiple days and
identify payload overcommitments that cause resource bot-
tlenecks and high risk of data losses. As a consequence
MEXAR2 has allowed a significant increase of data return
over the whole mission duration. These features have effec-
tively made the system a fundamental work companion for
the mission planners.
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From this first experience was already clear the crucial
role of being able to explain automatically the steps taken by
the planning algorithm. For instance, at first was not clear
why the solver was creating plans with many small activi-
ties. In fact such a fragmentation was the resulting of the
optimization process which was trying to use at best all the
available resources. Optimization was necessary to take into
account different priorities for different packet stores and to
provide robust solutions1.

A fundamental aspect for users acceptance of the tool was
to keep them into the loop. Mission planners in charge of
spacecraft operations must be capable of understanding in
detail any step of the solution and maintaining authority on
any decision. This important requirement encouraged us to
develop an interaction tool to foster the collaboration be-
tween the mission planners and the automated algorithms.
In parallel we also modified the original algorithm in a way
to make possible to the user to better control through specific
tuning parameters the solving process.

Whereas at the time the approach followed was very spe-
cific to tool and the users, several lessons learned were col-
lected and then drove the design of the generic planning and
scheduling platform. This also applied to the explanation
features.

Alphasat Payload Planner
Since 2013 the TECO planning system (just TECO below)
is managing in an completely autonomous way the differ-
ent payload experiments for the Alphasat satellite (Policella
et al. 2013). The satellite carries four technology demon-
stration payloads. While each payload has a dedicated op-
erations center responsible for defining and requesting the
different experiments, the spacecraft resources (e.g., power,
thermal constraints), downlink data, and telemetry budget
are shared among the four payloads. This required a coordi-
nation and selection of the different experiments.

By exploiting advanced planning and scheduling tech-
nologies, the TECO planning system has been designed to
have a high degree of autonomy where the final activity
plans are generated automatically (no user intervention).
Moreover the generation of the plan is done as an iterative
process between the different payload centers on one side
and the TECO planner on the other side. The goal of this
iterative approach is to maximize the scientific return of the
technology demonstration by helping to highlight the possi-
ble conflicts among the different experiment requests.

A relevant aspect of the output generation process is the
need of providing sufficient explanation about the solving
process. This is crucial in our case as the system has been
designed to be completely autonomous. Our objective is to
provide the system users with the necessary information to
understand the decisions taken during the solving process
and the final activity plan. A proper explanation is also
needed to have effective iterations between the different en-
tities involved. Considering that the time available to pro-

1In particular, the idea for robustness in this scenario is to main-
tain a non-critical level of memory bank usage so as to allow run
time variations to be absorbed with a low risk of overwriting.

vide a new set of task requests is limited, it becomes funda-
mental to provide the right explanation on, for instance, why
a task was not allocated.

Cluster-II Pass Planner
ESAs four Cluster-II satellites conduct three dimensional in-
situ measurements of the Earths magnetosphere. The mis-
sion is operated from the European Space Operations Centre
in Darmstadt, where the FCT (Flight Control Team) prepares
the routine operations for the spacecraft. A major aspect
of the mission operation is the planning of ground station
passes. Aside from the input of the science operation plan-
ning, the ground station plan also depends on the input of the
Flight Dynamics team and on ground station availabilities.
Ground station passes enable the FCT to download the scien-
tific data from the spacecraft and check the overall health of
the satellites. Given the large number of constraints involved
in pass scheduling and the complexity of the problem, a tool
based on AI technologies, TIAGO, Tool for Intelligent Al-
location of Ground Operations, has been developed to ease
such a process (Fratini et al. 2017).

A key operational aspect in this scenario is the capability
of providing explanation on the choice of the ground station,
as well as pass duration and temporal allocation. Users in-
spect visually the solutions and want to understand why a
ground station has been chosen, for instance in place of a
different one that might looks better or more suitable. Or
why dumps are delayed (according to user’s expectation),
causing a dangerous filling of the on board memory, or, on
the contrary, anticipated, resulting in an expensive over use
of the ground stations that looks not justified by the filling
level of the on board memory.

Explanation Approach
In pursuing a ”process driven” approach to support opera-
tions at ESA2 we aim at general purpose tools for facilitating
the design and synthesis of new products. The general idea
is the one of improving the ”process” of tool development,
taking advantage of the state of the art planning and schedul-
ing technology.

In this view, the APSI Framework (APSI 2017) is a Java
architecture for rapid prototyping of planning and schedul-
ing applications currently in use at ESA for deploying new
tool to support mission operations. The platform is de-
signed for constraint-based temporal planning and schedul-
ing. Constraint-based temporal planning, often referred to
as “timeline-based planning”, is an approach to temporal
planning which has been applied to the solution of several
space planning problems – e.g., (Muscettola 1994; Jonsson
et al. 2000; Smith et al. 2000; Frank and Jonsson 2003;
Chien et al. 2010; Cesta et al. 2011). This approach pursues
the general idea that planning and scheduling for controlling
complex physical systems consist in the synthesis of a set
of desired temporal behaviors, named timelines, for system

2As an attempt of innovation with respect to the traditional
”product driven” approach aimed at deploying solutions for spe-
cific mission problems.
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features that vary over time. In this approach, problem solv-
ing consists of controlling components by means of external
inputs in order to achieve a desired behavior. Hence differ-
ent types of problems (e.g., planning, scheduling, execution
or more specific tasks) can be modeled by identifying a set
of inputs and relations among them that, together with the
model of the components and a given initial set of possi-
ble temporal evolutions, will lead to a set of final behaviors
which satisfy the requested properties; for instance, feasible
sequences of states or feasible resource consumption3.

Explanation in APSI

Being APSI the core of planning and scheduling applications
we deploy for ESA, the explanation approach for TECO and
TIAGO (presented later in this Section)is strongly grounded
on modeling primitives and services provided by the frame-
work.

APSI provides two general classes of modeling primitives:
state variables and resources. Planning statements are spec-
ified as temporal assertions on timelines subject to temporal
and transition constraints. Cause-effect relationships among
planning statements and/or resource allocations are specified
by means of temporal and logical synchronizations. Appli-
cations built using the framework can exploit the domain
independent framework explanation primitives (for the solv-
ing process and for the solution) to build up a user oriented,
application specific explanation significant for the final user.

A relevant aspect to support the generation of explana-
tion is the fact that the APSI solving approach is a so-called
flaw-based approach. This consists in an iterative, construc-
tive paradigm which generates the final solution step-by-step
driven by the identification and resolution (using the ”right”
solver) of flaws in the current plan. The causal relations
between flaws and planning decisions are here exploited to
drive the explanation process. In fact the flaws in a plan can
be seen as the difference between this plan and an actual
solution of the problem.

In general in APSI four elements are playing a role in gen-
erating the final explanation to the users:

1. The tree of flaws and decisions that are behind the gener-
ation of a solution. Here we are talking about trees and
not simple chains as also failures in the solving process
should be considered to provide a complete explanation.
It is also worth remarking as the decisions can be result-
ing from the application of one of the solvers as well as
from the propagation of the planning model.

2. The explanation of each decisions provided by the spe-
cific solver. In fact, all solving decisions are labeled with
information about the solver who has taken the decision
and the motivation of the decision.

3. A communication protocol. This is used to exchange the
relevant information with the users of the system. This
protocol has been introduced to address differences in

3A detailed description of the planning approach, state of the
art and basic concepts is out of the scope of this paper. More
information can be found, for example, in (Muscettola 1994;
Frank and Jonsson 2003; Fratini and Cesta 2012).

backgrounds among the different partners. In fact, while
the users are experts in their specific domain, they are not
required to be experts in AI planning and scheduling.

4. An Explanation Generator module. The goal of this mod-
ule is to interpret the information provided together with
the solving decisions and of generating information for
the system users by applying the given protocol.

It is worth remarking as the first two points are generic as-
pects already part of APSI. On the contrary the last two are
specific of the final application and can have a different im-
plementation from case to case.

In the remainder of the section we describe the generic
explanation elements in the framework. In particular the dif-
ferent explanation generated by the model propagation func-
tions and the solving process.

State Variables. State variables represent components
that can take sequences of symbolic states subject to various
(possibly temporal) transition constraints. This primitive al-
lows the definition of timed automata.

The values taken by a timeline instantiated for a state
variable component in the APSI framework (and temporal
relations among them) can support explanation considering
the timeline as a valid sequence of symbols accepted by the
timed automata. A value for instance can be justified with
the need of instantiating valid transitions, or with the need of
enforcing temporal constraints on the durations of the states.
If the timeline is not complete (it contains unspecified inter-
vals of time or gaps), temporal constraints on unspecified
intervals can be justified by the need of valid sequences of
states to fill the gaps. If the timeline does not represent a
valid sequence for the automata, information can be pro-
vided on violations: invalid transitions between specified
values, invalid durations of the values or of the unspecified
intervals. This low level explanation is used by solvers to
build higher level explanations.

Resources. Resources are used to model any physi-
cal or virtual entity of limited availability, such that its
timeline (or profile) represents its availability over time
whereas a decision on the resource models a quantitative
use/production/consumption of the resource over a time in-
terval or in a time instant.

The timeline of a resource supports the explanation pro-
cess by providing information about intervals of time that vi-
olate the resource capacity constraint. Given that, the expla-
nation process can justify temporal relations on resource al-
locations, like deadline or release times, precedence or dura-
tion constraints generated by the solving process to remove
peaks of consumption.

Synchronizations. The physical and technical constraints
that influence the interaction between subsystems (modeled
either as state variables or resources) are represented by
means of temporal and logical synchronizations among the
values taken by the automata and/or resource allocations on
the timelines. Languages for timeline-based planning have
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constructs, called synchronization in APSI, to represent the
interaction among the different timelines that model the do-
main. Conceptually these constructs define valid schema of
values allowed on timelines and link the values of the time-
lines with resource allocations. Despite the syntactic differ-
ences, they allow the definition of Allen’s relations (Allen
1983) like quantitative temporal relations among time points
and time intervals as well as constraints on the parameters of
the related values.

The synchronization construct on which the timeline
based planning is grounded provides a significant support to
the explanation process. The synchronization, in fact, gives
teleological explanation for the values in the timeline. A
value (or a resource allocation) can be traced back, trough
a chain of synchronizations, to the goals that justify its al-
location in the plan. These goals can originate in the plan-
ning problem or can be generated during the planning pro-
cess to complete a timeline or to produce a resource. On the
other way, following the synchronizations applied to justify
a value or a resource allocation, it is possible to build a list of
supports for that statement. In other words, the synchroniza-
tion gives explanation about ‘why’ a given value is there, and
to ‘what’ this value is a support for.

Problem Solving. An application in the APSI framework,
being a generic planner and/or scheduler or a domain spe-
cific deployed application is designed as a collection of
solvers. Based on the constraint-based paradigm, the search
space of an APSI solver is made of planning and schedul-
ing statements on timelines and temporal and data relations
among them. An APSI solver provides explanation based
on the actions taken to update the plan/schedule, grounded
on the information collected on state variable and resource
timelines.

Available solvers and applications include state-of-the-art
binary and multi-capacity schedulers as well as integrated
planners and schedulers (Fratini et al. 2015). Solvers are
chosen and activated on a flaw detection base. When a
flaw is detected on a timeline the planner activates the cor-
responding solver to fix the problem. A flaw is any type
of violation in a plan. It can be a logical flaw, when un-
supported actions are added to the plan, or a resource vio-
lation flaw, when a resource is over or under used, or any
other impairment of temporal allocation on the values over
a timeline. The flaw-based solving approach provides a nat-
ural way for building explanation by connecting issues de-
tected in the partial plan with the explanation provided by
the solver chosen for fixing it. The explanation of the plan
process is then given as a sequence of steps taken to update
the plan, with each step motivated by the issue detected and
explained with the actions taken to fix it. Some of the solvers
currently available in APSI are:

Domain Theory Unfolder The DTU detects unsupported
statements in the plan and justify them by applying syn-
chronizations. The DTU can apply the synchronization by
expansion (adding new statements) or by unification (con-
straining existing statements). The DTU explains the pro-
cess by listing the effects and the supports of a statement,
i.e. expansion and unification applied to justify it.

Partial Order Scheduler The POS is supporting the
scheduling process resulting from planning to guarantee
temporal flexibility.4 The explanation in this case refers
to the consumer-producer relations created by the solver.
Moreover in case of no solution the solver provides as
explanation a set of activities which are associated to the
unsolvable conflict.

Resource Activity Generator It makes sure that linear re-
sources can be adequately managed by avoiding any over-
consumption. The generator add production or con-
sumption statements to the plan, grounding the choice
on the domain theory (which states of a state variable
can produce/consume resource, how much can be pro-
duced/consumed and what kind of opportunity are needed
for the production/consumption). The explanation in-
cludes the resource violation that fostered the process and
which production/consumption status has been chosen on
the basis of the temporal position and entity of the viola-
tion and available opportunities.

Resource Profile Bounder It uses a MaxFlow algorithm to
bounds position and duration of activities to assure that all
the resource constraints and/or requirements are consis-
tent. The explanation provided by a profile bounder links
duration and position constraints generated with the re-
source violation that fired the solving process, for instance
stating that a consumption activity has been shortened to
avoid a resource overconsumpion in a specific intareval of
a given resource timeline.

Timeline Completer It fills gaps in state variable time-
lines. The explanation provides information on which
sequences of states have been generated considering the
transition and temporal constraints induced by the au-
tomata.

As pointed out, the solving process is driven by the dif-
ferent flaws identified and solved - therefore by considering
the flaws collected it is possible to have a first analysis of the
planner behavior (and explain it).

However this is not sufficient. As shown in the TECO ex-
ample below, one important factor to consider is also the or-
der in which the different flaws are collected and moreover
when they first appear – were they part of the problem or in-
troduced during the solving process (by one of the solvers)?

Explanation in TECO

In the TECO operations, a proper explanation is crucial to
have effective iterations between the different entities in-
volved – the goal is make the users to better understand why
a task has not been allocated and how the requests can be
updated.

There might be different explanations (and combinations
of these) for which a task is not allocated: wrong input files,
ill-defined task requests, tasks conflicting with spacecraft
status, tasks conflicting with other task requests, tasks not
allocated because linked to conflicting tasks, etc. Once the

4The POS (Policella et al. 2007) is a set of activities partially or-
dered such that any possible complete order that is consistent with
the initial partial order is a resource and time feasible schedule.
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explanation is identified by the system, before distributing
it, it is necessary to put it in a form that can be understood
by the receivers.

A first aspect worthy of attention is that with this approach
the explanation provided to the user is not generated directly
by one of the different solvers.5 This is required as 1) the
single solvers has a limited view of the general solving pro-
cess and 2) it is necessary to decouple the solvers from the
final explanation generation process (and the associated pro-
tocol).

Figure 1 shows two simple examples where a task cannot
be allocated. In both cases the explanation cannot be pro-
vided directly by a single solver. In both examples both the
payload (TDP ) and the ground activity timeline are repre-
sented.

Figure 1(a) contains two tasks: ta which is associated to
the payload TDPa and triggers the mode of the payload
from the mode X to W and back to X (see payload time-
line). ta requires a fixed start time (and duration). Task re-
quest tb is instead flexible in time (in the figure this is repre-
sented by the double arrow on the ground timeline). The task
is associated to the TDPb payload and changes the mode of
the payload from F toA. Also one of the domain constraints
requires that mode W of payload TDPa shall be synchro-
nized with the mode A of TDPb. Finally, the ground is not
always available to execute the tasks (see not ”not available”
activity in the ground timeline).

The solution of this problem contains only ta. In fact to
satisfy the domain constraint the planner adds the solving
decision et(tb) ≤ st(ta) and pass it to the scheduler. The
scheduler will then fail as tb cannot be scheduled before the
start of ta due to the not availability of the ground. In gener-
ating the explanation for the missing allocation of ta it will
then be necessary to consider not only 1) the conflict iden-
tified by the scheduler but also 2) the decision taken by the
planner, and 3) the domain theory (which contains the con-
straint TDPa.W during TDPb.A).

In the second example, Fig. 1(b), only one task request,
ta, is present. Additionally it is required to switch off all the
payloads (during the time interval represented on the ground
timeline). In this case, while the task could be allocated in
a time window, the planner will find a conflict between the
final status of the task (X) and the value requested by the
platform activity “TDPs OFF.” In this case the explanation
process will need to consider both 1) the planner conflict and
2) the domain theory.

The objective of the previous examples is to show that
for providing the correct explanation to the users it is neces-
sary to consider all the decisions coming from the different
solvers. Even if they represent very basic cases, the exam-
ples are also useful to give an idea of the effort needed to re-
trieve proper information especially when considering more
complex and real cases, with more activities, resources, con-
straints, etc.

The approach implemented to generate explanations con-
sists in “tracing back” all the different solving decisions that

5In TECO a planner and a scheduler are actually used(Policella
et al. 2013).

(a) Planning decision and scheduling conflict

(b) Planning conflict

Figure 1: Example of explanations

are associated to a task request. This is done by exploit-
ing the different annotations added during the solving pro-
cess. Once all this information is collected, the explanation
generator module identifies the specific case based both on
the solvers which generate the annotations (for instance the
scheduler) and on the content of the annotations (e.g., con-
flict with spacecraft activity).

Explanation in TIAGO

A key operational aspect in Cluster-II pass scheduling prob-
lem is the possibility for providing explanation on the choice
of the passes, duration and temporal allocation. Users in-
spects visually the solution and need to understand why a
ground station has been chosen, for instance in place of a
different one that might looks better or more suitable. The
explanation provided by the planner trough the APSI frame-
work primitives described above is then used to synthesize
an higher level explanation semantically significant for the
final user.

The decision of allocating a pass in this domain is driven
by the flaw in the on-board memory allocation. The mem-
ory is continuously being consumed by science operation.
The position and the entity of the flaw give the justification
for allocating a pass in the plan. The explanation provided
by the Resource Activity Generator (that decided to allocate
the pass) and the Resource Profile Bounder (that bounded
the pass duration) includes information for the time window
where the pass has been allocated and its duration. The ear-
liest and latest start time for the possible pass allocation de-
pends on the resource profile. The earliest start time depends
on the minimal pass duration and on the amount of data in
the memory: since a pass dumps at a rate higher than all the
science data rate production, a pass cannot be allocated if

80



Free

EXT Booked

CLU Booked [60,+∞]

LOS [15,15] AOS [45,45]

Reconfig GS [10,10]

Figure 2: Ground station bookings state varible.

there are not enough data to download, which gives a lower
temporal bound for the allocation. Conversely the latest start
time for allocating a pass depends on the position of the flaw:
the pass must start not too late to avoid the memory overwrit-
ing. The duration bounds depend on the ratio between the
production rate in the interval and available dump rate.

Moreover, in the Cluster-II domain some of the con-
straints on ground stations booking are modeled in a state
variables definition. Before the actual begin of tracking, a
ground station configuration activity of 45 min has to be
considered. During this time, the ground station must be
available and should not be booked by any other activity.
After the end of tracking, a ground station post-pass ac-
tivity of 15 min has to be considered. Similar to the pre-
pass activity, no other activity should be booked during this
time. When two consecutive passes of two different Cluster-
II spacecrafts are scheduled on the same ground station, the
time accounting for the post and prepass activities can be
reduced to exactly 10 min (in order to change between the
different carrier frequencies of the spacecraft). If this 10 min
interval cannot be satisfied, a configuration time of at least 1
h (15 min post-pass and 45 min pre-pass activities) has to be
considered. Moreover, for cost efficiency reasons, scheduled
passes should have a duration of at least 1 h.

To represent the configuration time, intermediate states
are introduced on the booking timeline of the ground sta-
tion and transition rules are specified, hence the state vari-
able in Figure 2 models the ground station booking logic. In
this state variable, a cluster booking has a minimal duration
of 60 minutes and it is possible to pass between two book-
ings either trough a reconfiguration status of 10 minutes or
passing by an LOS (Loss Of Signal) status of 15 minutes
and a successive AOS (Acquisition Of Signal) of 45 min-
utes. Non-cluster bookings are modeled as states of external
booking and for them it is always required an AOS phase
before that a Cluster pass can be booked.

In addition to that there are constraints among the values
taken by the different state variables and the resource allo-
cations: a ground station must be visible and should not be

booked by any other satellite in order to be able to book a
Cluster ground station pass. The pass is also synchronized
with an activity that dumps the memory, according with the
link budget available and it has to be scheduled against sci-
ence modes (a pass start or end should stay 6 to 15 minutes
away from a science mode switch because of the unafford-
able computational effort on board to start/finish a pass and
contemporary switch a science mode).

Hence the position and duration of a pass (in within the
bounds decided by the resource allocator described above)
is also constrained by other planning decisions: (a) the pass
must be synchronized with ground station’s visibility win-
dows; (b) must be properly scheduled with respect to other
events on the same ground station, to acquire and release the
station; (c) must be synchronized with the science modes, to
avoid start or end points to be too close to science modes
switch; (d) must be properly synchronized with available
downklink rates for the selected station and (e) must guar-
antee a proper de-overlapping with other passes scheduled
for the same satellite on other ground stations. (a), (c) and
(d) are enforced by the Domain Theory Unfolder, (b) is en-
forced bu the Timeline Completer and (e) is enforced by the
schedulers. Combining the explanations provided by these
solvers, to the user is provided a trace of pass allocation in
the plan that includes: (a) a window of opportunity for al-
locating the pass, explained in terms of memory filling; (b)
a choice of a ground station, explained in terms of station
availabilities and other concurrent use of the same station;
(c) a position and duration of a pass, explained in terms
of station usage logic, other passes allocation for the same
satellite and memory consumption.

Discussion
Our planning/solving approach is based on a construc-
tive/iterative schema driven by flaw resolution. A flaw en-
tails a resolution step which provides explanation on the up-
dates performed on the plan to fix the flaw. This approach
integrates different types of information that concur in ex-
plaining the plan process and result: temporal information,
cause-effect relationships and resource allocations.

Compared to explanations that can be provided on action
based planning (STRIPS and PDDL), our approach has the
advantage of exploiting explicit temporal information and
scheduling constraints to justify plan statements not only
causally but also temporally (and in space domain often the
most important issue is not to explain why something ap-
pears in the plan but mostly when things happens and in
which order). On the other side, the timeline-based approach
to planning does not make explicit the preconditions for an
action. As a consequence, it is more difficult, in case of fail-
ures not induced by resource or temporal conflicts, to iden-
tify a closed set of violated logical properties to justify the
issue.

Besides that, in our experience there are various aspects
to be considered in order to make the explanation an added
value in the process.

First of all the planner is part of a tool which can be seen
as a partner of the end-user in solving the problems (‘man in
the loop’ principle). Therefore, in order to have an efficient
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collaboration, it is fundamental not only to explain the final
solution but also the intermediate states and, more in gen-
eral, the decisions taken during the solving process (Smith
2012). In this respect, the flaw based approach provides a
step-by-step explanation not only on which actions are taken
but also on why and when they are taken.

A second important aspect is the explanation of failures.
In real applications it is not only important to be able to jus-
tify a plan, but we need often also to explain why a plan
could not be found. This helps in tailoring system config-
urations and in analyzing problems. Again the flaw based
approach gives a great support on this: starting from the un-
resolvable flaw that led to the failure of the planning process,
it is often possible to frame the issue and decide for instance
if it is a logical problem or a resource allocation problem.

Last but not least, the hierarchical approach that bases the
explanation on increasing level of abstraction allows a good
trade-off between generality and significance of the infor-
mation. Temporal e logical allocation of values on the plan
are explained, bottom up, as effect of propagation of tem-
poral statements generated as consequence of solving steps
(plan expansion or scheduling for instance), which in turns
gives an explanation of higher level statements in the plan
that play a role in that allocation. This analysis resulted use-
ful in explaining solutions and failures of the planning pro-
cess.

Pursuing a top down approach, the explanation starts from
the high level goals and following the trace of the solving
steps applied, frames the effects of the process on the plan
(what provides support for the plan, which effect the goal
has on the resource profiles and so on). This analysis proved
to be a valid support for re-planning and mixed-initiative
planning, where is useful to understand which effects a goal
has on the whole plan and how it affects the planning pro-
cess.

Notwithstanding this initial achievements, providing ex-
planation remains in general an hard issue to face. First of
all the solving steps and the set of constraints that influence
a plan statement not always give a significant or usable in-
formation.

Regarding failure explanation for instance, a flaw can be
the result of large set of combined effects, to the point that
is not identifiable where and how to react. Also the flaw res-
olution process can sometimes make hard the explanation
of the result. Some flaws can be resolved too early for in-
stance, influencing the following steps of the process to the
point that the final plan is not explainable. Optimization also
makes the explanation more difficult: some optimization al-
gorithms are not explainable (as genetic ones for instance).

Probably the most important issue is related with the ex-
planation generation vs presentation: to be useful the ex-
planation must be presented semantically close to the user,
while is currently syntactically generated close to the data
model and/or solving process. The synthesis of a semanti-
cally significant explanation, as shown in the examples pre-
sented in this paper, is still a cognitive process that requires
a deep understating of the solving process first and of the
planning domain also.
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Abstract

In this paper we describe a study involving an autonomous ve-
hicle based on planning and interaction situations with other
road users (i.e. pedestrians). The paper presents the re-
search framework and directions towards enriching the ve-
hicle information about the moving objects on its way with
formal, explicit and shared representation of available find-
ings about pedestrian on-road behaviors. Among the advan-
tages of the integration of empirical data achieved through
behavioral studies about pedestrian dynamics, we claim that
a research effort in this direction may significantly contribute
to improve trust, transparency, and quality of communication
between heterogeneous road users, mainly to avoid and solve
obstruction situations.
In the paper we describe first steps of this multidiscilpinary
research and we present a representation of concepts related
to pedestrian crossing behaviours at unsignalized pedestrian
crossings (based on ontology formalism and derived from the
reference literature). After, we introduce the movement plan-
ning model of the autonomous vehicle and we overview ex-
periments we are developing to collect useful insights to im-
prove knowledge on perception and interpretation of actions
in interaction situations (involving pedestrians crossing in the
presence of an autonomous vehicle). Further developments
of the vehicle behavior to improve its capability to interpret
the scene at real-time, as well as effectiveness of the vehicle
communication with other road users are then discussed.

Introduction
Nowadays, autonomous driving is gaining increasing impor-
tance, with some vehicles supposed to perform at the SAE-
level 5, already circulating in some cities. In this context,
proper and interaction between a vehicle and the pedestrians
that could be present in its surroundings is fundamental.

Pedestrian-aware planning, that is, planning keeping into
consideration the behavior of pedestrians, is a longly studied
problem in the robotics world. Initially, most of the works
concentrated on the scenario of a robot moving in a crowded
indoor space. For example Bennewitz et al. (Bennewitz et
al. 2005) developed an approach that uses the prediction of
the movement of a person to produce a better plan for the
robot (i.e., a plan that would not interfere with the motion
of the person). Pacchierotti et al. proposed a planner for
traversing corridors with people coming from the opposite
site (Pacchierotti, Christensen, and Jensfelt 2005). While

these works focus on avoiding physical interference with a
person, they do not address the important problem of the
perceived safety of a plan (Kulkarni et al. ). That is, the
perceived level of danger induced by the robot motion. To
allow a perception of safety, the robot should not move very
close to a person, as this is perceived as dangerous by the
person. This problem has been studied by Nonaka et al.
and its solution is a fundamental step for the introduction of
robotics in everyday world (Nonaka et al. 2004). It has also
been addressed by Chen et al. who presented a method for
the avoidance of the pedestrians whose trajectory is tracked
(Chen, Ngai, and Yung 2008). The need of a predictive
model of the movement of pedestrians is, for instance, dis-
cussed in (Nishino et al. 2016).
With the advent of autonomous driving vehicles, this topic
gained an even larger importance as cars move much faster
and can be more dangerous than small indoor service robots.
For this reason safety and effectiveness in the interaction be-
tween pedestrian and autonomus vehicles are essential. Hav-
ing a model capable to describe how to interact with the het-
erogenous types of pedestrians in the many different con-
ditions is thus an essential part of an autonomous driving
system: it would be not effective to deal similarly with an
elderly person and with a group of teenagers; analogously,
the vehicle behavior should change when the road is dry and
there is, e.g., risk of black ice.

The variety of pedestrian behaviors observed at intersec-
tions has been the subject of interest of several researches
(Evans and Norman 1998; Hamed 2001; Perumal and oth-
ers 2014), aiming both at a better understanding and model-
ing of the behaviors of road users. Besides the understand-
ing of human behaviors, pedestrians’ movement models are
studied also for several other objectives; for instance, for
their integration into pedestrian simulation software plat-
forms (Federici, Manenti, and Manzoni 2014) and for the
improvement of the quality of crowd management support
systems. Knowledge sources about pedestrian behaviors are
thus quite fragmented and relates to several study areas.
Among recent results on pedestrian crossing behavior, en-
vironmental, demographical, social and psychological fac-
tors have shown to have a relevant impact on risky cross-
ing behavior (Sisiopiku and Akin 2003), such as pedestrian
age (Gorrini, Vizzari, and Bandini 2016) and movement as
part of a group (NT. Dang et al. 2016). The crossing be-
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Figure 1: The autonomous vehicle involved in LONGEVIC-
ITY experimental research. It implements a two-level plan-
ner and it is able to detect and avoid obstacle that may be
present on its surrounding. Previous experimentations have
been conducted mainly in its natural application scenario of
a crowded unstructured space (like a public square). Within
the planned experimentation the cart will be involved in in-
teractions with participants that will be asked to cross the
road in the presence of the autonomous vehicle.

havior of elderly pedestrians, for instance, is affected by the
progressive decline of motor and cognitive abilities linked
to ageing (Dommès et al. 2015), and by a scarce level of
assertiveness in communicating to drivers their intention to
cross. Moreover, a pedestrian crossing decision is influenced
also by the behavior of others who are crossing at the same
time, as the simultaneous motion with other pedestrians re-
duces indeed cautiousness due to diffusion of responsibility,
and successful of crossing is probably overestimated (Har-
rell 1991).

These observations, and the opportunity to collaborate
within the LONGEVICITY1 project, motivated us at in-
cluding a multidisciplinary study involving developers of

1The project “LONGEVICITY - Social inclusion for the El-
derly through Walkability” has the objective to study the cities
of the future as characterized by the growing presence of long-
lived and active citizens and by the need to design technologically
advanced infrastructures, considering the increasing role that au-
tonomous vehicles will have in this scenario. The LONGEVICITY
project is funded by Fondazione Cariplo, within the call Scientific
Research 2017 “Aging and social research: people, places and re-
lations” along the period between April 2018 and December 2020
(Grant No. 2017-0938).

IRA lab autonomous vehicle (see Figure 1) and compe-
tences on crowd studies from CSAI research center. A ded-
icated experimentation has been designed to better investi-
gate the behavior of crossing pedestrians in the presence of
an autonomous vehicle and to assess potential advantages
on trust, interaction and transparency of the vehicle activ-
ity (including actions performed for communication aims,
i.e. inter-actions (Chakraborti, Dudley, and Kambhampati
2018)).

Pedestrians and vehicles can interact in many different
ways, but they always have to comply with the road code
and have safety in high regard (World Health Organization
2015). Among the many different scenarios of interactions
we focused our studies on a zebra crossings not regulated by
a traffc light (i.e. Unsignalized Pedestrian Crossing, from
now denoted as UPC). In this case, interaction between vehi-
cles and pedestrians is defined as obstruction, (Ferber 1999).
As in any obstruction situation, interaction at UPCs require
a conflict resolution strategy to grant the success of individ-
ual coordinated actions. In a non-automated vehicular-traffic
system, the resolution of conflictual situations is delegated
to traffic rules, but it is often influenced also by culture-
influenced customs; several heuristics are often observed on
real roads.

We claim that this work could contribute not only to safer
driving behavior of autonomous vehicles, but also to im-
prove the trust into its decision-making, and the effective-
ness of its communication with the other road users (Fox,
Long, and Magazzeni ). With the shared general goal of
improving the quality and shareability of available informa-
tion, we aim at reducing risk of inappropriate vehicle behav-
ior, improving vehicle knowledge on other road users be-
havior and exploiting this knowledge towards improvement
of trustability of its activity. To realistically consider ap-
plication scenarios where autonomous vehicles and humans
interact, potentially also with other partially robotic road en-
tities, acceptance (as trusted co-user of a shared space) is an
unavoidable aspect. High-quality interactions are also re-
quired to effectively engage and realise a semantically rich
exchange of information with other agents, such as pedestri-
ans or cyclists. Moreover, transparency of vehicles activity
will be advantaged by a set of shared regulations they can be
used.

An ontological representation of available knowledge
about pedestrian crossing behavior is described in the next
section. The motion planning model of the autonomous ve-
hicle that will be involved in the experimentation, and the
experimentation aims and main steps are then summarised.

Pedestrian Behaviors at Intersections
The ontology described in the following is an explicit knowl-
edge representation of available knowledge about pedestrian
behavior at UPC (i.e. zebra crossing without traffic light co-
ordination of flows). In this case, interaction between vehi-
cles and pedestrians is defined as obstruction, (Ferber 1999):
any agent involved in such situation has individual skills to
employ autonomously the available resources to accomplish
their goals, and agents’ goals are compatible because one
agent crossing the road will not compromise the capabilities

85



of the other agents to go straight on their way and vice-versa.
In crossing situations where paths overlap, the agents need to
coordinate their actions in order to share the use of the lim-
ited resource (i.e. the road portion that both want to occupy
at the same time). A conflict resolution strategy to grant
the success of individual actions shall be introduced. In
a non-automated vehicular-traffic system, the resolution of
conflictual situations is delegated to traffic regulation laws,
but it is often influenced also by culture-influenced customs
and several heuristics are often observed.

The exploitation of ontology-based (Mizoguchi and Ikeda
1998) explicit representation of road rules, of driving be-
haviors and heuristics has demonstrated to be enough ex-
pressive and practicable to enable vehicle context under-
standing (Feld and Muller 2011; Armand 2016; Mohammad
2015; Zhao et al. 2015). The main references for this work
have been: an ontology (Armand 2016) that includes context
concepts such as Mobile Entity (Pedestrian and Vehicle),
Static Entity (Road Infrastructure and Road Intersection),
and Context Parameters (isClose, isFollowing, and isToRe-
ach) and an ontology-based framework (Mohammad 2015;
Zhao et al. 2015) for assessing the degree of risk in a road
scene taking into account several factors (e.g. risk from
other mobile objects like vehicles, pedestrians, cyclists, en-
vironmental risk related to weather and visibility conditions
and, road environmental risk that is, related to road quality,
road traffic signs and road type). Applying rules written in
Semantic Web Rule Language (SWRL), the ontology pro-
vides an informed interpretation of road contexts. An ontol-
ogy is an explicit specification of conceptualization (Gruber
1995). It describes concepts and relationships that are rele-
vant to model a domain of interest. It specifies the vocabu-
lary that is necessary to make assertions, and which may be
inputs/outputs of knowledge-based agents. Domain ontolo-
gies, when are based on Description Logics (DL) (Baader
et al. 2003), are described by two functional parts: Termi-
nological Box (TBox) and Assertional Box (ABox). In the
following subsections, pedestrian ontology developed in an
explicitly, formal and exploitable to improve vehicle scene
interpretation and decision-making.

Ontology TBox
TBox consists of the definition of all the concepts and re-
lations that the ontology aims to describe, in our case de-
tectable scene objects and contextual information about ve-
hicle observable scene. It specifies: concepts (or classes)
of the domain that the ontology aims to describe, organised
into a taxonomy; roles that are properties that can be de-
fined and assigned to concepts. Roles can be either object
properties that define axioms in the form of binary relation-
ships between two concepts, or data properties used to as-
sign properties to single classes or instances of classes in the
form: Concept1 - Data Property - Property Value. Rela-
tions between concepts are defined by hierarchical relations
(concepts taxonomy), axioms (classes linked by object prop-
erties) and rules.

Figure 2 shows part of ontology TBox about taxonomic
relationships among road entities that may be perceived in
a driving situation (on a single lane road), while Figure 3

Figure 2: Graphical representation of TBox taxonomic re-
lationships among road entities that may be perceived in a
driving situation.

Figure 3: Graphical representation of TBox relationships be-
tween pedestrian profiles and relevant crossing features.
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is a graphical representation of TBox relationships between
pedestrian profiles and the following pedestrian profile prop-
erties: cognitive capability of subject’s to estimate relevant
motion coordination features (like distance from the subject
and speed); physical capability to safely cross the road;
assertivity, the ability to comunicate (more or less inten-
tionally) the intention to cross; compliance with road rules;
propensity to risk. Physical capability and propensity to
risk are described as inversely proportional to age, while
cognitive capability, assertivity and compliance decreases as
the age diverges from the one of a reference pedestrian fully
compliant to road traffic rules and with full capabilities and
assertivity; for the present work, an adult person in the range
of [25...50] years old.
The involvement of a child or of an elderly person in an in-
teraction situation suggests its interpretation as potentially
risky since, according to the reference ontology both pedes-
trian profiles are described as less assertive and less respect-
ful of traffic laws and potentially less perceptive about com-
municative audio-visual signals. Rules like the ones exem-
plified in the Table manage this part of scene understading.

Each relationship refers to a pedestrian property and in-
dicates whether the profile differs (with a reduction or in-
crease) from a reference profile. Witin the T-Box ontology,
these relationships are described in the form of axioms.

Ontology ABox
The ABox consists of instances of classes previously defined
in the TBox, commonly called Individuals, that represent
real life scenario, according to ontology interpretation. The
ABox represents objects that are observed, and are under-
stood thanks to prior knowledge available and explicitly de-
scribed by TBox relationships (i.e. taxonomic relationships,
axioms in the form of objects or data properties, or rules).

Figure 4 exemplifies an interaction situation at a unsignal-
ized pedestrian crossing, with zebra crossing road infrastruc-
ture and right of way to pedestrians. Its description accord-
ing to the above sketched TBox is shown. Information about
detected road infrastructures, plausible profile of pedestri-
ans and contextual information are available to be logged
and exploited at, first real-time for improving decision mak-
ing about actions to undertake in order to coordinate conflict
resolution with pedestrian going to cross, as well. More-
over, this semantically rich contextual information is also
available to improve explanation of vehicle decisions.

Vehicle Movement Planning
The autonomous vehicle involved in this experimental re-
search (see Figure 1) is able to detect and autonomously
avoid obstacles by computing its trajectories according to
a two-level planning (i.e. global and local). Previous experi-
mentations have been conducted (with a maximum speed of
about 10 km/h) mainly in its natural application scenario of
a crowded unstructured space (like a public square). Within
the planned experimentation the cart will be involved in in-
teractions with participants that will be asked to cross the
road in the presence of the autonomous vehicle. A speed

Vehicle(?v0)
∧ Adult(?p1)
∧ Road lane(?rl1)
∧ IsCloseTo(?v0,?rl1)
∧ IsToReach(?v0,?p1)
→ HasToAlert(?v0,?p1)

The adult pedestrian
p1 is close to road
lane and want to
cross, so the vehicle
v0 alert p1 that can’t
cross because v0 is
upcoming

Vehicle(?v0)
∧ Elderly(?p1)
∧ Road lane(?rl1)
∧ IsCloseTo(?p1,?rl1)
∧ IsToReach(?v0,?p1)
→ HasToDecelerate(?v0,?p1)

The elderly pedes-
trian p1 is close to
road lane and want to
cross, so the vehicle
v0 doesn’t alert be-
cause elderly have be
a reduced cognitive
capability.v0 has to
decelerate because
p1 has a higher
risk profile than the
standard.

Vehicle(?v0)
∧ Young(?p1)
∧ Pedestrian crossing(?pc1)
∧ Sidewalk(?s1)
∧ Road lane(?rl1)
∧ IsOn(?v0,?rl1)
∧ IsOn(?p1,?s1)
∧ IsToReach(?v0,?pc1)
∧ IsToReach(?p1,?pc1)
→ HasToDecelerate(?v0,?p1)

The young pedestrian
p1 is to reach pedes-
trian crossing, the ve-
hicle v0 is to reach
the pedestrian cross-
ing, v0 has to decel-
erate because p1 is a
risk profile of pedes-
trian and so is more
difficult to predict his
action.

Table 1: Rules to describe relationship between observed
pedestrians approaching unsignalized crossing, and its in-
terpretation by taking into account pedestrian profiles.
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Subject Vehicle:
Object Property Assertions:

• IsCloseTo Pedestrian crossing

• IsCloseTo Pedestrian1

• IsOn Road Lane

Data Property:

• DistanceToSubjectVehicle 0m

• HasSpeedValue 50 km/h

Pedestrian1:
Object Property Assertions:

• IsCloseTo Road Lane

• IsCloseTo Pedestrian Crossing

• IsCloseTo Subject Vehicle

• IsOn Sidewalk s1

Data Property:

• DistanceToSubjectVehicle 85m

• HasSpeedValue 3.7 km/h

• IsAppraising True

Pedestrian Crossing:
Object Property Assertions:

• ∅

Data Property:

• DistanceToSubjectVehicle 83m

Action: Subject Vehicle has to stop before Pedestrian Crossing.

Figure 4: Example of a pedestrian crossing scenario (scale is not respected) and its interpretation according to ontology TBox
rules, axioms (object and data properties) and concepts taxonomy.

profile between 20 km/h and 30 km/h will be designed prop-
erly. The best path to reach the goal is computed, first, taking
into account only a previously determined static map (global
plannig). This step is very similar to what a car navigation
system does, although it does not have to necessarily use a
topological map. The global planner calculates a path that
the vehicle should follow. However, in practice, the vehicle
will not be able to precisely stick to it. Dynamic objects,
like pedestrians, cars or other movable objects are taken into
account by local planner. Local planner takes as input a path
calculated by the global planner and generates the best com-
mands in order to follow it, taking into consideration any
obstacle that the vehicle can perceive. Of course, it may
happen that the vehicle has to deviate from the path, in order
to avoid an unexpected obstacle.

During local planning, various feasible trajectories are
generated, scored according to various criteria and the best
one is chosen. Trajectories that should pass through occu-
pied cells are obviously discarded (Figure 5(b)). A draw-
back of this type of local planning is that, while a trajectory
represents an anticipation of future world state, its evalua-
tion is taken into account only considering current environ-

ment state. If a trajectory intersects the current position of
a crossing pedestrian, it is discarded, even though that per-
son is moving and will not be there at the time the vehi-
cle reaches that position. In this case, trajectory would be
perfectly feasible. On the other hand, a local planner could
choose a trajectory that passes through currently free space,
but that would be occupied in the future because a person
is moving (Figure 5(b)). This problem severely decreases
the performance of a local planner, known for both indoor
robots and autonomous vehicles. A performance study on
our vehicle is object of current research.

Global planning is usually performed only once, unless
the path reveals to be infeasible for some previously unex-
pected reason. On the other hand, local planning is per-
formed cyclically, usually at a fixed rate, because it has to
control the vehicle in order to avoid obstacles and keep mov-
ing to the goal. Finally, the commands computed by the lo-
cal planner are used as set points for the control loops of the
actuators, which run at a fixed and much higher frequency.

On this vehicle, the availability of semantically unam-
bigous knowledge on pedestrian motion could improve lo-
cal planner in both its decision-making and interaction with
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(a) (b)

Figure 5: (a) An example of grid map with obstacles (in
grey). The robot (in red) discards a trajectory that passes
through an obstacle. (b) An example of the same scenario
when the robot knows that the obstacle is a pedestrian and
has a model of her/his motion, it can choose much better
trajectories. The one on the left, indeed, is discarded not
because it intersects an obstacle at the time of planning, but
because it will intersect the path of the pedestrian.

other road users, for instance adapting its behavior (move-
ment and online communicative actions) to different pedes-
trian profiles.

Experiments on Vehicle-Pedestrian Interaction
at UPS

Within the LONGEVICITY project, the Complex Systems
and Artificial Intelligence research center and Informatics
and the Robotics for Automation laboratory of the Uni-
versity of Milano-Bicocca are sharing their competences
with the aim of developing a cross-disciplinary approach to
study pedestrian-autonomous vehicles interactions at UPC
by means of the execution of an experimental campaign. In
this methodological framework, a set of experiments will
measure the interactions between a large sample of adult and
elderly pedestrians and the autonomous vehicles developed
by the IRA lab. The experiments will be executed with the
authorisation of the Ethics Committee of the University of
Milano-Bicocca, and they will be carried out in a private
road of the campus of the university. Participants will be
asked to cross the road in the presence of the autonomous
vehicle; the crossing episodes will be video recorded from
a zenithally point of view to facilitate video tacking analy-
sis, focused on measuring the crossing behaviour of pedes-
trians by considering their trajectories, speed and crossing
decision. In analogy with the results of the video-recorded
observation performed in 2015 by the CSAI research center
(Gorrini, Vizzari, and Bandini 2016), data analysis will be
focused on measuring:

• the appraising phase of pedestrians: the pedestrian ap-
proaching the cross-walk decelerates to evaluate the dis-
tance and speed of oncoming autonomous vehicle;

• their crossing decision: the pedestrian decides to cross

and speed up;
• the safety gap accepted by pedestrians to safely cross: the

relation between the distance and speed of oncoming au-
tonomous vehicles, when pedestrians decided to cross.
Achieved results will be compared with data from the

literature, to highlight differences between the crossing
behaviour of pedestrians in case of interaction with au-
tonomous and human-driven vehicles. The experimental de-
sign includes several procedures to test the impact of differ-
ent variables on the crossing behaviour of pedestrians (e.g.,
different braking patterns of the vehicles in terms of deceler-
ation magnitude and distance from the pedestrian; presence
of a driver supervising the autonomous vehicles; presence
of the passenger only). Moreover, the experiments will aim
at testing the effectiveness of a breaking light actuator on
the front of the vehicle as a visual communication system to
support the crossing decision of pedestrians. The final aim
of the experiments is to collect useful insights to support the
further development of the vehicles, through the exploitation
and integration of the above described pedestrian ontology
into the autonomous vehicle movement planning model, in
order to improve its capability to interpret the scene at real-
time.

Conclusions
The paper refers to an multidiscplinary research conducted
at University of Milano-Bicocca towards the integration of
available findings and knowledge about pedestrian dynam-
ics at unsignalized pedestrian crossing to improve quality
of scene interpretation, communication, and trustability of
vehicle actions into the movement planner of the IRA lab
autonomous vehicle.

The paper has presented the pedestrian ontology (in its T-
Box and A-Box components) we developed to collect into a
well-formed, machine readable and semantically rich frame-
work part of available knowledge about behavioral stud-
ies findings about pedestrian dynamics. Vehicle-pedestrian
interactions at UPCs is the reference case study here de-
scribed. The adoption of an ontology as knowledge repre-
sentation framework is due to advatages provided by any
(formal, in the sense of semantically well-defined) tool to
manage explicit knowledge. Evaluations about computa-
tional costs of pedestrian knowledge ontology implementa-
tion will be object of future investigation.

A possible direction towards the development of a learn-
ing behavior of the vehicle in interaction situations with
pedestrians may consider several approaches as reasonable:
Goal Reasoning (Wilson et al. ), or Case-Based Reasoning
(CBR (Kolodner 1993)), like for instance in (Floyd and Aha
2017) where stored information about previously adapted
behaviors is used with the aim of taking into account hu-
man trustworthy of previous plan adaptations, is one of our
preliminary preferred directions for further investigations.
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Abstract

In this paper, we report on the visualization capabilities of an
Explainable AI Planning (XAIP) agent that can support hu-
man in the loop decision making. Imposing transparency and
explainability requirements on such agents is especially im-
portant in order to establish trust and common ground with
the end-to-end automated planning system. Visualizing the
agent’s internal decision making processes is a crucial step
towards achieving this. This may include externalizing the
“brain” of the agent – starting from its sensory inputs, to pro-
gressively higher order decisions made by it in order to drive
its planning components. We also show how the planner can
bootstrap on the latest techniques in explainable planning to
cast plan visualization as a plan explanation problem, and
thus provide concise model based visualization of its plans.
We demonstrate these functionalities in the context of the au-
tomated planning components of a smart assistant in an in-
strumented meeting space.

Introduction
Advancements in the fields of speech, language, and search
have led to ubiquitous personalized assistants like the Ama-
zon Echo, Google Home, Apple Siri, etc. Even though these
assistants have mastered a narrow category of interaction
in specific domains, they mostly operate in passive mode
– i.e. they merely respond via a set of predefined scripts,
most of which are written to specification. In order to evolve
towards truly smart assistants, the need for (pro)active col-
laboration and decision support capabilities is paramount.
Automated planning offer a promising alternative to this
drudgery of repetitive and scripted interaction. The use of
planners allows automated assistants to be imbued with
the complementary capabilities of being nimble and proac-
tive on the one hand, while still allowing specific knowl-
edge to be coded in the form of domain models. Addition-
ally, planning algorithms have long excelled (Myers 1996;
Sengupta et al. 2017) in the presence of humans in the loop
for complex collaborative decision making tasks.

eXplainable AI Planning (XAIP) While planners have
always adapted to accept various kinds of inputs from hu-
mans, only recently has there been a concerted effort on the

other side of the problem: making the outputs of the plan-
ning process more palatable to human decision makers. The
paradigm of eXplainable AI Planning (XAIP) (Fox, Long,
and Magazzeni 2017) has become a central theme around
which much of this research has coalesced. In this paradigm,
emphasis is laid on the qualities of trust, interaction, and
transparency that an AI system is endowed with. The key
contributions to explainability are the resolution of critical
exploratory questions – why did the system do something a
particular way, why did it not do some other thing, why was
its decision optimal, and why the evolving world may force
the system to replan.
Role of Visualization in XAIP One of the keys towards
achieving an XAIP agent is visualization. The planning
community has recently made a concerted effort to sup-
port the visualization of key components of the end-to-end
planning process: from the modeling of domains (Bryce et
al. 2017); to assisting with plan management (Izygon, Ko-
rtenkamp, and Molin 2008); and beyond (Sengupta et al.
2017; Benton et al. 2017). For an end-to-end planning sys-
tem, this becomes even more challenging since the systems
state is determined by information at different levels of ab-
straction which are being coalesced in the course of decision
making. A recent workshop (Freedman and Frank 2017) out-
lines these challenges in a call to arms to the community on
the topic of visualization and XAIP.
Contribution It is in this spirit that we present a set of vi-
sualization capabilities for an XAIP agent that assists with
human in the loop decision making tasks: specifically in
the case of this paper, assistance in an instrumented meet-
ing space. We introduce the end-to-end planning agent,
Mr.Jones (Chakraborti et al. 2017b), and the visualiza-
tions that we endow it with. We then provide fielded demon-
strations of the visualizations, and describe the details that
lie under the hood of these capabilities.

Introducing Mr.Jones
First, we introduce Mr.Jones (Chakraborti et al. 2017b),
situated in the CEL – the Cognitive Environments Labora-
tory – at IBM’s T.J. Watson Research Center. Mr.Jones is
designed to embody the key properties of a proactive assis-
tant while fulfilling the properties desired of an XAIP agent.

91



Figure 1: Architecture diagram illustrating the building blocks of Mr.Jones – the two main components Engage and Orchestrate situates
the agent proactively in a decision support setting with human decision makers in the loop. The top right inset shows the different roles of
Mr.Jones as a smart room orchestrator and meeting facilitator. The bottom right inset illustrates the flow of control in Mr.Jones – each
service runs in parallel and asynchronously to maintain anytime response of all the individual components.

Mr.Jones: An end-to-end planning system
We divide the responsibilities of Mr.Jones into two pro-
cesses – Engage, where plan recognition techniques are
used to identify the task in progress; and Orchestrate, which
involves active participation in the decision-making process
via real-time plan generation, visualization, and monitoring.

ENGAGE This consists of Mr.Jones monitoring vari-
ous inputs from the world in order to situate itself in the
context of the group interaction. First, the assistant gathers
various inputs like speech transcripts, live images, and the
positions of people within a meeting space; these inputs are
fed into a higher level symbolic reasoning component. Us-
ing this, the assistant can (1) requisition resources and ser-
vices that may be required to support the most likely tasks
based on its recognition; (2) visualize the decision process
– this can depict both the agent’s own internal recognition
algorithm, and an external, task-dependent process; and (3)
summarize the group decision-making process.

ORCHESTRATE This process is the decision support as-
sistant’s contribution to the group’s collaboration. This can
be done using standard planning techniques, and can fall un-
der the aegis of one of four actions as shown in Figure 1.
These actions, some of which are discussed in more de-
tail in (Sengupta et al. 2017), are: (1) execute, where the
assistant performs an action or a series of actions related
to the task at hand; (2) critique, where the assistant of-
fers recommendations on the actions currently in the col-
laborative decision sequence; (3) suggest, where the assis-
tant suggests new decisions and actions that can be dis-
cussed collaboratively; and (4) explain, where the assistant
explains its rationale for adding or suggesting a particular
decision. The Orchestrate process thus provides the “sup-
port” part of the decision support assistant. The Engage
and Orchestrate processes can be seen as somewhat paral-
lel to the interpretation and steering processes defined in

the crowdsourcing scenarios of (Talamadupula et al. 2013;
Manikonda et al. 2017). The difference in these new scenar-
ios is that the humans are the final decision makers, with the
assistant merely supporting the decision making.

Architecture Design & Key Components The central
component – the Orchestrator1 – regulates the flow of in-
formation and control flow across the modules that manage
the various functionalities of the CEL; this is shown in Fig-
ure 1. These modules are mostly asynchronous in nature and
may be: (1) services2 processing sensory information from
various input devices across different modalities like audio
(microphone arrays), video (PTZ cameras / Kinect), motion
sensors (Myo / Vive) and so on; (2) services handling the
different services of CEL; and (3) services that attach to
the Mr.Jones module. The Orchestrator is responsible for
keeping track of the current state of the system as well as
coordinating actuation either in the belief/knowledge space,
or in the actual physical space.

Knowledge Acquisition / Learning The knowledge con-
tained in the system comes from two sources – (1) the devel-
opers and/or users of the service; and (2) the system’s own
memory; as illustrated in Figure 1. One significant barrier to-
wards the adoption of higher level reasoning capabilities into
such systems has been the lack of familiarity of developers
and end users with the inner working of these technologies.
With this in mind we provide an XML-based modeling inter-
face – i.e. a “system config” – where users can easily config-
ure new environments. This information in turn enables au-
tomatic generation of the files that are internally required by
the reasoning engines. Thus system specific information is
bootstrapped into the service specifications written by expert

1Not to be confused with the term Orchestrate from the previ-
ous section, used to describe the phase of active participation.

2Built on top of the Watson Conversation and Visual Recogni-
tion services on IBM Cloud and other IBM internal services.
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developers, and this composite knowledge can be seamlessly
transferred across task domains and physical configurations.
The granularity of the information encoded in the models
depends on the task at hand – for example, during the En-
gage phase, the system uses much higher level information
(e.g. identities of agents in the room, their locations, speech
intents, etc.) than during the Orchestrate phase, where more
detailed knowledge is needed. This enables the system to
reason at different levels of abstraction independently, thus
significantly improving the scalability as well as robustness
of the recognition engine.

Plan Recognition The system employs the probabilistic
goal / plan recognition algorithm from (Ramirez and Geffner
2010) to compute its beliefs over possible tasks. The algo-
rithm casts the plan recognition problem as a planning prob-
lem by compiling away observations to the form of actions
in a new planning problem. The solution to this new prob-
lem enforces the execution of these observation-actions in
the observed order. This explainsmini the reasoning process
behind the belief distribution in terms of the possible plans
that the agent envisioned (as seen in Figure 2).

Plan Generation The FAST-DOWNWARD planner
(Helmert 2006) provides a suite of solutions to the forward
planning problem. The planner is also required internally
by the Recognition Module when using the compilation
from (Ramirez and Geffner 2010), or in general to drive
some of the orchestration processes. The planner reuses the
compilation from the Recognition Module to compute plans
that preserve the current (observed) context.

Visualizations in Mr.Jones
The CEL is a smart environment, equipped with various sen-
sors and actuators to facilitate group decision making. Auto-
mated planning techniques, as explained above, are the core
component of the decision support capabilities in this set-
ting. However, the ability to plan is rendered insufficient if
the agent cannot communicate that information effectively
to the humans in the loop. Dialog as a means of interfacing
with the human decision makers often becomes clumsy due
to the difficulty of representing information in natural lan-
guage, and/or the time taken to communicate. Instead, we
aim to build visual mediums of communication between the
planner and the humans for the following key purposes –

- Trust & Transparency - Externalizing the various path-
ways involved in the decision support process is essential
to establish trust between the humans and the machine,
as well as to increase situational awareness of the agents.
It allows the humans to be cognizant of the internal state
of the assistant, and to infer decision rationale, thereby
reducing their cognitive burden.

- Summarization of Minutes - The summarization process is
a representation of the beliefs of the agent with regard to
what is going on in its space over the course of an activity.
Since the agent already needs to keep track of this infor-
mation in order to make its decisions, we can replay or
sample from it to generate an automated visual summary
of (the agent’s belief of) the proceedings in the room.

Figure 2: Snapshot of the mind of Mr.Jones externalizing differ-
ent stages of its cognitive processes.

- Decision Making Process - Finally, and perhaps most im-
portantly, the decision making process itself needs effi-
cient interfacing with the humans – this can involve a
range of things from showing alternative solutions to a
task, to justifying the reasoning behind different sugges-
tions. This is crucial in a mixed initiative planning setting
(Horvitz 1999; 2007) to allow for human participation in
the planning process, as well as for the planner’s partici-
pation in the humans’ decision making process.

Mind of Mr.Jones
First, we will describe the externalization of the “mind” of
Mr.Jones – i.e. the various processes that feed the differ-
ent capabilities of the agent. A snapshot of the interface is
presented in Figure 2. The interface itself consists of five
widgets. The largest widget on the top shows the various
usecases that the CEL is currently set up to support. In the
current CEL setup, there are nine such usecases. The wid-
get represents the probability distribution that indicates the
confidence of Mr.Jones in the respective task being the
one currently being collaborated on, along with a button for
the provenance of each such belief. The information used as
provenance is generated directly from the plans used inter-
nally by the recognition module (Ramirez and Geffner 2010)
and justifies why, given its model of the underlying plan-
ning problems, these tasks look likely in terms of plans that
achieve those tasks. Model based algorithms are especially
useful in providing explanations like this (Sohrabi, Baier,
and McIlraith 2011; Fox, Long, and Magazzeni 2017). The
system is adept at handling uncertainty in its inputs (it is in-
teresting to note that in coming up with an explanatory plan
it has announced likely assignments to unknown agents in
its space). In Figure 2, Mr.Jones has placed the maximum
confidence in the tour usecase.

Below the largest widget is a set of four widgets, each
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of which give users a peek into an internal component of
Mr.Jones. The first widget, on the top left, presents a
wordcloud representation of Mr.Jones’s belief in each of
the tasks; the size of the word representing that task corre-
sponds to the probability associated with that task. The sec-
ond widget, on the top right, shows the agents that are rec-
ognized as being in the environment currently – this infor-
mation is used by the system to determine what kind of task
is more likely. This information is obtained from four inde-
pendent camera feeds that give Mr.Jones an omnispective
view of the environment; this information is represented via
snapshots (sampled at 10-20 Hz) in the third widget, on the
bottom left. In the current example, Mr.Jones has recog-
nized the agents named (anonymized) “XXX” and “YYY”
in the scenario. Finally, the fourth widget, on the bottom
right, represents a wordcloud based summarization of the
audio transcript of the environment. This transcript provides
a succinct representation of the things that have been said
in the environment in the recent past via the audio chan-
nels. Note that this widget is merely a summarization of the
full transcript, which is fed into the IBM Watson Conversa-
tion service to generate observations for the plan recogni-
tion module. The interface thus provides a real-time snap-
shot of the various sensory and cognitive organs associated
with Mr.Jones- the eyes, ears, and mind of the CEL. The
interface is organized at increasing levels of abstraction –

[1] Raw Inputs – These show the camera feeds and voice cap-
ture (speech to text outputs) as received by the system.
These help in externalizing what information the system
is working with at any point of time and can be used,
for example, in debugging at the input level if the system
makes a mistake or in determining whether it is receiving
enough information to make the right decisions. It is es-
pecially useful for an agent like Mr.Jones, which is not
embodied in a single robot or interface but is part of the
environment as a whole. As a result of this, users may find
it difficult to attribute specific events to the agent.

[2] Lower level reasoning – The next layer deals with the
first stage of reasoning over these raw inputs – What are
the topics being talked about? Who are the agents in the
room? Where are they situated? This helps an user iden-
tify what knowledge is being extracted from the input
layer and fed into the reasoning engines. It increases the
situational awareness of agents by visually summarizing
the contents of the scene at any point of time.

[3] Higher level reasoning – Finally, the top layer uses infor-
mation extracted at the lower levels to reason about ab-
stract tasks in the scene. It visualizes the outcome of the
plan recognition process, along with the provenance of
the information extracted from the lower levels (agents in
the scene, their positions, speech intents, etc.). This layer
puts into context the agent’s current understanding of the
processes in the scene.

Demonstration 1 We now demonstrate how the Engage
process evolves as agents interact in the CEL. The demon-
stration begins with two humans discussing the CEL en-
vironment, followed by one agent describing a projection

of the Mind of Mr.Jones on the screen. The other agent
then discusses how a Mergers and Acquisitions (M&A)
task (Kephart and Lenchner 2015) is carried out. A video
of this demonstration can be accessed at https://www.
youtube.com/watch?v=ZEHxCKodEGs. The video
contains a window that demonstrates the evolution of the
Mr.Jones interface through the duration of the inter-
action. This window illustrates how Mr.Jones’s beliefs
evolve dynamically in response to interactions in real-time.

Demonstration 2 After a particular interaction is com-
plete Mr.Jones can automatically compile a summariza-
tion (or minutes) of the meeting by sampling from the vi-
sualization of its beliefs. An anonymized video of a typi-
cal summary can be accessed at https://youtu.be/
AvNRgsvuVOo. This kind of visual summary provides a
powerful alternative to established meeting summarization
tools like text-based minutes. The visual summary can also
be used to extract abstract insights about this one meet-
ing, or a set of similar meetings together and allows for
agents that may have missed the meeting to catch up on
the proceedings. Whilst merely sampling the visualization
at discrete time-intervals serves as a powerful tool towards
automated summary generation, we anticipate the use of
more sophisticated visualization (Dörk et al. 2010) and
summarization (Shaw 2017; Kim, Chacha, and Shah 2015;
Kim and Shah 2016) techniques in the future.

Model-Based Plan Visualization : Fresco
We start by describing the planning domain that is used
in the rest of this section, followed by a description of
Fresco’s different capabilities in terms of top-K plan visu-
alization and model-based plan visualization. We conclude
by describing the implementation details on the back-end.

The Collective Decision Domain We use a variant of the
Mergers and Acquisitions (M&A) task called Collective De-
cision (CD). The CD domain models the process of gather-
ing input from a decision makers in a smart room, and the or-
chestration of comparing alternatives, eliciting preferences,
and finally ranking of the possible options.

Top-K Visualization
Most of the automated planning technology and literature
considers the problem of generating a single plan. Recently,
however, the paradigm of Top-K planning (Riabov, Sohrabi,
and Udrea 2014) has gained traction. Top-K plans are partic-
ularly useful in domains where producing and deliberating
on multiple alternative plans that go from the same fixed ini-
tial state and the same fixed goal is important. Many decision
support scenarios, including the one described above, are of
this nature. Moreover, Top-K plans can also help in realiz-
ing unspecified user preferences, which may be very hard
to model explicitly. By presenting the user(s) with multiple
alternatives, an implicit preference elicitation can instead be
performed. The Fresco interface supports visualization of
the K top plans for a given problem instance and domain
model, as shown in Figure 3a. In order to generate the Top-
K plans, we use an experimental Top-K planner (Katz et al.
2018) that is built on top of Fast Downward (Helmert 2006).
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(a) Top-K plan visualization showing alternative plans for a given problem. (b) Action Descriptions

Figure 3: Visualization of plans in Fresco showing top-K alternative solutions (K=3) for a given planing problem (left) and on-demand
visualization of each action in the plan (zoomed-in; right) in terms of causal links consumed and produced by it.

Figure 4: Visualization as a process of explanation – minimized view of conditions relevant to a plan. Blue, green and red nodes indicate
preconditions, add and delete effects respectively. The conditions which are not necessary causes for this plan (i.e. the plan is still optimal in
a domain without these conditions) are grayed out in the visualization (11 out of a total 30).

Model-based Plan Visualization
The requirements for visualization of plans can have differ-
ent semantics depending on the task at hand – e.g. show-
ing the search process that produced the plan, and the deci-
sions taken (among possible alternative solutions) and trade-
offs made (by the underlying heuristics) in that process; or
revealing the underlying domain or knowledge base that
engendered the plan. The former involves visualizing the
how of plan synthesis, while the latter focuses on the why,
and is model-based and algorithm independent. Visualiz-
ing the how is useful to the developer of the system during
debugging, but serves little purpose for the end user who
would rather be told the rationale behind the plan: why is
this plan better than others, what individual actions con-
tribute to the plan, what information is getting consumed
at each step, and so on. Unfortunately, much of the visual-
ization work in the planning community has been confined
to depicting the search process alone (Thayer 2010; 2012;
Magnaguagno et al. 2017). Fresco, on the other hand, aims
to focus on the why of a plan’s genesis, in the interests of
establishing common ground with human decision-makers.
At first glance, this might seems like an easy problem – we
could just show what the preconditions and effects are for
each action along with the causal links in the plan. However,
even for moderately sized domains, this turns into a clumsy
and cluttered approach very soon, given the large number of
conditions to be displayed. In the following, we will describe
how Fresco handles this problem of overload.

Visualization as a Process of Explanation We begin by
noting that the process of visualization can in fact be seen
as a process of explanation. In model-based visualization, as
described above, the system is essentially trying to explain to
the viewer the salient parts of its knowledge that contributed

to this plan. In doing so, it is externalizing what each ac-
tion is contributing to the plan, as well as outlining why this
action is better that other possible alternatives.

Explanations in Multi-Model Planning Recent work has
shown (Chakraborti et al. 2017a) how an agent can explain
its plans to the user when there are differences in the models
(of the same planning problem) of the planner and the user,
which may render an optimal plan in the planner’s model
sub-optimal or even invalid–and hence unexplainable–in the
user’s mental model. An explanation in this setting consti-
tutes a model update to the human such that the plan (that
is optimal to the planner) in question also becomes optimal
in the user’s updated mental model. This is referred to as a
model reconciliation process (MRP). The smallest explana-
tion is called minimally complete (MCE).

Model-based Plan Visualization ≡Model Reconciliation
with Empty Model As we mentioned previously, expos-
ing the entire model to the user is likely to lead to cognitive
overload and lack of situational awareness due to the amount
of information that is not relevant to the plan in question.
We want to minimize the clutter in the visualization and yet
maintain all relevant information pertaining to the plan. We
do this by launching an instantiation of the model reconcilia-
tion process with the planner’s model and an empty model as
inputs. An empty model is a copy of the given model where
actions do not have any conditions and the initial state is
empty (the goal is still preserved). Following from the above
discussion, the output of this process is then the minimal set
of conditions in the original model that ensure optimality of
the given plan. In the visualization, the rest of the conditions
from the domain are grayed out. (Chakraborti et al. 2017a)
showed how this can lead to a significant pruning of condi-
tions that do not contribute to the generation of a particular
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(a) Architecture diagram of Fresco. (b) Software stack

Figure 5: Illustration of the flow of control (left) in Fresco between the plan generator (FD), explanation generator (MMP), and plan
validator (VAL) with the visualization modules. The MMP code base is in the process of being fully integrated into Fresco, and it is
currently run as a stand-alone component. The software stack (right) shows the infrastructure supporting Fresco in the backend.

plan. An instance of this process on the CD domain is illus-
trated in Figure 4.

Note that the above may not be the only way to minimize
information being displayed. There might be different kinds
of information that the user cares about, depending on their
preferences. This is also highlighted by the fact that an MCE
is not unique for a given problem. These preferences can be
learned in the course of interactions.

Architecture of Fresco The architecture of Fresco,
shown in Figure 5a, includes several core modules such
as the parser, planner, resolver, and visualizer. These mod-
ules are all connected in a feed-forward fashion. The parser
module is responsible for converting domain models and
problem instances into python objects, and for validating
them using VAL (Howey, Long, and Fox 2004). Those ob-
jects are then passed on to the planner module, which re-
lies on Fast-Downward (FD) and the Multi-Model Plan-
ner (MMP) (Chakraborti et al. 2017a) to generate a plan
along with its explanation. The resolver module consumes
the plan, the explanation, and the domain information to not
only ground the plan, but also to remove any preconditions,
add, or delete effects that are deemed irrelevant by the MMP
module. Finally, the visualizer module takes the plan from
the resolver module as an input, and builds graphics that
can be rendered within any well-known web browser. Our
focus in designing the architecture was on making it func-
tionally modular and configurable, as shown in Figure 5b.
While the first three modules described above are imple-
mented using Python, the visualizer module is implemented
using Javascript and the D3 graphics library. Our applica-
tion stack uses REST protocols to communicate between the
visualizer module and the rest of the architecture. We also
accounted for scalability and reliability concerns by con-
tainerizing the application with Kubernetes, in addition
to building individual containers / virtual machines for third
party services like VAL, Fast-Downward, and MMP.

Work in Progress
While we presented the novel notion of explanation as visu-
alization in the context of AI planning systems in this paper
via the implemention of the Mr.Jones assistant, there is
much work yet to be done to embed this as a central re-
search topic in the community. We conclude the paper with
a brief outline of future work as it relates to the visualization
capabilities of Mr.Jones and other systems like it.

Visualization for Model Acquisition Model acquisition
is one of the biggest impediments towards the adoption of
planning technologies. Our own work with Mr.Jones is
not immune to this problem. Although we have enabled an
XML-based modeling interface, the next iteration of making
this easily consumable for non-experts involves two steps:
first, we impose an (possibly graphical) interface on top of
the XML structure to obtain information in a structured man-
ner. We can thenl provide visualizations such as those de-
scribed in (Bryce et al. 2017) in order to help with iterative
acquisition and refinement of the planning model.

Tooling Integration Eventually, our vision – not re-
stricted to any one planning tool or technology – is to inte-
grate the capabilities of Fresco into a domain-independent
planning tool such as planning.domains (Muise 2016),
which will enable the use of these visualization components
across various application domains. planning.domains
realizes the long-awaited planner-as-a-service paradigm for
end users, but is yet to incorporate any visualization
techniques for the user. Model-based visualization from
Fresco, complemented with search visualizations from
emerging techniques like WebPlanner (Magnaguagno et
al. 2017), can be a powerful addition to the service.

Mixed-Reality Finally, recent advances in mixed-reality
technologies provide exciting opportunities for newer modes
of interaction with AI agents (Williams et al. 2018). We ex-
plore such capabilities in the space of decision-support in
(Sengupta, Chakraborti, and Kambhampati 2018).
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Abstract

In real-world planning applications, it is of pivotal impor-
tance that decisions and solutions can be explained, in order
to maximise safety and increase the reliability of the plan-
ning component. There is a significant strand of research that
focuses on exploiting planning models, and the planning pro-
cess itself, in order to deal with a wide range of possible re-
quests of explanation. However, there are explanations that
can not be provided by considering only those elements, but
that require additional knowledge –which is usually available
during the knowledge engineering process of designing plan-
ning models.
In this paper, we introduce two classes of explanations that
require a formal (or semi-formal) encoding of additional
knowledge. We then describe how knowledge engineering
tools can be extended in order to support the collection
of such additional knowledge, and we briefly introduce the
structure of an appropriate architecture.

Introduction
Automated planning has been successfully applied for
decades, and is gaining importance, in several areas, includ-
ing space exploration (Ai-Chang et al. 2004), machine tool
calibration (Parkinson and Longstaff 2015), and urban traf-
fic control (McCluskey and Vallati 2017) to mention a few.
In applications, particularly in safety-critical ones, it is of
paramount importance that generated solutions can be thor-
oughly explained and described. This is usually termed as
explainability, and allows to increase the reliability of the
planning component, and can support the validation of mod-
els and of automated reasoning.

There has been a growing strand of research focusing
on explainability in automated planning. Works in the area
cover the explanation and description of generated plans
(Sohrabi, Baier, and McIlraith 2011; Caminada et al. 2014).
A more recent line of work is focused on explaining also
the planning process, by motivating and describing decisions
taken by the planner during the exploration of the search
space (Fox, Long, and Magazzeni 2017). This sort of anal-
ysis allows to provide answers to questions like Why is this
action performed? Why this other action has been ignored?

Mentioned approaches are mainly focused on explaining
plans and planning processes, and do not “question” the pro-
vided domain model that is used as the basis of the reasoning

process. Therefore, any provided explanation is bounded to
the model. In other words, a user would not be able to ask
–or to get satisfying answers to– questions that involves a
critical analysis of the model, but only questions about the
search space that the considered model generates. On this
matter, the work of Chakraborti et al. (2017) proposes to
exploit explanations for dealing with the model reconcili-
ation problem. Their approach takes explicitly into account
models, and exploits explanation in order to minimise the
divergence between the human mental model and the actual
PDDL domain model. This can be done by considering only
optimal plans. In a nutshell, if optimally generated plans are
not self-explanatory for a human domain expert, than the do-
main model used by the planning framework does not cor-
respond well with the mental model of the expert, and needs
therefore to be refined. In this sense, explanations are not
aimed at a final user of the planning framework, but at an
expert that is “optimising” the system before deployment, or
for maintenance purposes.

Knowledge planning models play a central role in any
planning application, and their importance has been well-
argued (McCluskey, Vaquero, and Vallati 2017). During the
Knowledge Engineering (KE) process of encoding specifi-
cations into an appropriate domain model, a number of de-
cisions are usually taken by experts. Some of those decisions
are due to the knowledge of the encoder, while others are due
to common knowledge about the application “context”. Such
knowledge is usually not stored anywhere, but can provide
valuable information for explaining both plans and the plan-
ning process to stakeholders. In this paper, we argue about
the importance of context awareness and annotation of de-
cisions made by domain model encoders for improving the
quality of the planning and plans explanation. We categorise
the extended set of questions that can be answered by ex-
ploiting such knowledge. Finally, we propose the overall ar-
chitecture that would allow to capture relevant knowledge,
and analyse it in order to provide suitable explanations.

Knowledge Engineering for Planning
Knowledge Engineering in Planning and Scheduling
(KEPS) was defined in the 2003 PLANET Roadmap (Mc-
Cluskey et al. 2003), specifically for domain-independent
planners, as the collection of processes involving (i) the ac-
quisition, validation and verification, and maintenance of
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planning domain models, (ii) the selection and optimisation
of appropriate planning machinery, and (iii) the integration
of (i) and (ii) to form planning and scheduling applications.
KEPS can be seen as a special case of knowledge engineer-
ing, where the need for methodologies for acquiring, domain
modelling and managing formally captured knowledge has
long been accepted. It is also related to the area of capturing
conceptual knowledge and developing domain models for
Qualitative Reasoning in the general Modelling and Simula-
tion area (Bredeweg et al. 2008). However, the peculiarities
of automated planning applications distinguish KEPS from
general knowledge-based and simulation systems. Firstly,
KEPS is concerned with the acquisition and representation
of knowledge about actions, processes, events, and the effect
these have on a state. Secondly, this knowledge is to be used
to create a system that synthesises plans rather than making
a diagnosis or decision.

Studies on KEPS have led to the creation of several tools
and techniques to support the design of domain knowl-
edge structures, and the use of planners for real-world prob-
lems. Most of these tools have been presented in specialised
workshops such as the Knowledge Engineering for Plan-
ning & Scheduling workshop and the Verification and Val-
idation of Planning Systems workshop, as well as com-
petitions such as the International Competition on Knowl-
edge Engineering for Planning & Scheduling (Chrpa et al.
2017). The competitions have motivated the development
of powerful KEPS systems and advances in domain mod-
elling techniques, languages and analysis approaches. Well-
known examples of existing tools include GIPO (Simp-
son, Kitchin, and McCluskey 2007), itSimple (Vaquero et
al. 2012), KEWI (Wickler, Chrpa, and McCluskey 2014),
PDDL-studio (Plch et al. 2012), and most recently the
planning.domains framework.

Enhancing the Knowledge Engineering
Process to Support Explainability

In order to describe how explainability can be supported
also by the KE process, let us consider a variant of the well
known Blocksworld domain as a running example. The main
difference from the well-known classical planning domain,
in our example there are two types of objects, categorised
according to their shape: cubes and cones. Figure 1 shows a
possible PDDL encoding of two operators from the domain
model, that allow to move objects from an initial cube to
another one. The name of the other operators are listed, but
their details are not given due to the lack of space.

In a real-world planning application, the domain model
is usually not shown to the final user, also because the typ-
ical user does not have a strong background in automated
planning, and is usually not interested in such details. It is
therefore reasonable to assume that the user will reason, and
require explanations, on the basis of provided solution plans.
For this reason, on the basis of the operators shown in Figure
1, let us consider the following problem, described in terms
of initial and goal states, and a (very short) solution plan. For
the sake of readability, predicates corresponding to objects
stacked on the same tower are shown on a single line. In the

(:action cube-to-cube

:parameters (?b1 ?b2 ?b3 - cube)

:condition (and (on ?b1 ?b2) (clear ?b1) (clear ?b3))

:effect (and (not (on ?b1 ?b2)) (on ?b1 ?b3)

(not (clear ?b3)) (clear ?b2) ))

(:action cone-to-cube

:parameters (?b1 ?b2 - cube ?b3 - cone)

:condition (and (on ?b3 ?b1) (clear ?b2) (clear ?b3))

:effect (and (not (on ?b3 ?b1)) (on ?b3 ?b2)

(not (clear ?b2)) (clear ?b1) ))

(:action cone-to-table ... )

(:action cube-to-table ... )

(:action cone-from-table ... )

(:action cube-from-table ... )

Figure 1: A possible encoding of a variant of BlocksWorld,
considering cube and cone blocks.

solution plan, the first number indicates the time step.

initial state:

(on-table cube1) (on cone1 cube1) (clear cone1)

(on-table cube2) (on cube3 cube2) (clear cube3)

(on-table cube4) (clear cube4)

(on-table cube5) (clear cube5)

goal:

(on cube2 cube1)

(on cube5 cube3)

plan:

[0] (cone-to-table cone1 cube1)

[1] (cube-to-cube cube3 cube2 cube4)

[2] (table-to-cube cube2 cube1)

[2] (table-to-cube cube5 cube3)

Remarkably, the Explainable planning framework pro-
posed by Fox, Long, and Magazzeni (2017) is capable of
effectively addressing requests of explanation about the be-
haviour of the planner that generated the plan. However,
there are some categories of questions that can not be dealt
with by considering only the planning models and the plan-
ning process. Let us examine such categories by considering
the following examples.

• Why is cube3 moved on top of cube4, and not on cone1?
A possible and trivial answer to the first question can be
obtained by analysing the domain model: there is no oper-
ator that allows to move a cube over a cone. Clearly, this
sort of responses are not particularly informative for the
user, as they do not provide additional information on top
of what is already available for the user to directly inves-
tigate. Instead, a child that is used to play with building
blocks could provide a very intuitive yet informative ex-
planation: a cube stacked on a cone will fall, so you do
not even try to stack them. Similarly, the child would be
happy to answer questions like Why am I not able to move
a block that is not clear? To explain the plans and, to some
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extent, the knowledge of a planning model, the child is
implicitly exploiting his awareness of the domain, that is
commonly termed as context awareness. In other words,
the knowledge needed for answering that class of ques-
tions, is given by the application context. Hereinafter we
will refer to this class of explanations as context-related.

• Why (some) actions can be executed in parallel?, Why the
exploited hand is not indicated?
As in the previous case, a trivial explanation would be that
actions are executed in parallel when they are indepen-
dent, that is, they do not have conflicting effects and their
effects do not interfere with pre-conditions of the other
actions. In order to provide an informative answer to this
question, it is necessary to reason in terms of decisions
and assumptions made during the modelling process, on
the basis of the available requirements specification. In
the specific case, for instance, requirements may specify
that more than one “hand” is available to move blocks. For
safety reasons, one hand is not allowed to deal, at a given
time step, with blocks involved in tasks performed by an-
other hand. On top of that, an expert knowledge engineer
for automated planning can come up with a model like the
one presented in Figure 1, where the robotic hands are not
explicitly modelled, in light of the fact that –regardless of
the number of available hands– actions to be performed
at the same time step in the plan can be easily serialised
and distributed among available hands. This class of ex-
planations is therefore related to requirements and mod-
elling decisions and assumptions. We refer to this class as
assumption-related.

Having identified two classes of explanations that can be
addressed by extending the knowledge encoded in the mod-
els, it is now crucial to understand from where, and how,
such additional knowledge can be extracted.

Knowledge required for providing context-related expla-
nations can be obtained by linking, during the KE pro-
cess of the domain model, objects and entities with both
common sense and context-specific knowledge ontologies.
Such ontologies can semantically enhance notions by de-
riving context-related constraints and relationships. They
are commonly applied in areas such as robotics or smart
homes (Kunze, Tenorth, and Beetz 2010; Alirezaie et al.
2017), where they support the interaction between robots
(or environment) and humans, by supporting the interpreta-
tion of commands and instructions. Remarkably, there exists
approaches to semantically enrich PDDL problem models,
in order to improve the reasoning capabilities of domain-
independent planning engines (Dornhege et al. 2012). A
similar approach, that supports knowledge share among do-
mains with similar contexts, could be taken also on the KE
side of planning, as explained in the next section.

Assumption-related explanations require domain and
model-specific knowledge. Some explanations can be di-
rectly derived by the requirement specifications, assuming
they have been encoded using a formal or semi-formal lan-
guage. However, many explanations –as those previously
listed– require also knowledge about the engineering pro-
cess, particularly in terms of decisions taken, impact of such

decisions, and assumptions made. Decisions and assump-
tions have to be documented during the KE process, and
should be linked to the relevant part of the model, or of the
specification.

Utilising a Knowledge Engineering Environment
for Generating Explanations

A knowledge engineering environment has the purpose of
helping domain and AI experts collect together and formu-
late application knowledge to be used in a variety of ways.
KEWI is such tool for encoding domain knowledge usable
by domain experts for collecting knowledge that could be
used in automated planning. It was developed in the con-
text of a real industrial process application [PlanSig 2015].
Though KEWI was aimed at gathering knowledge about ac-
tions and change, it features a domain expert-friendly set of
tools specifically for those not familiar with AI planning,
within a domain ontology. KEWI’s use of the ’concept’ is
fundamental to its language, and is related to the idea of an
object class. A concept is defined by it’s super-class and the
roles that constrain how instances of the concept may be re-
lated to instances of other concepts. There are three different
types of role constraints: “part-of” relations for aggregation,
properties which contain attribute-values, and general rela-
tions. Properties of objects give an object’s attribute a value.
Both properties and relations must have some functional in-
formation using the :min :max keywords. This denotes the
type of relation/property such many-many, one-many etc

The domain ontology describes a collection of concepts
populated by objects which must be plugged into a con-
cept hierarchy, ensuring that explanations can exploit more
abstract knowledge about them. Thus more information is
available to be involved in an explanation, both in terms
of tightening up what makes a valid state, and in terms of
relating concepts and objects. The first example below is a
KEWI representation of the Dockworkers domain [NauHal-
lab 04], encoded by Gerhard Wickler [Plansig paper 2015].
This shows examples of concept hierarchies (e.g. pallet and
container are members of the more abstract class stackable).
It asserts that in any state, a crane must be at exactly one lo-
cation denoted via the “(:min 1) (:max 1))” terms. This gives
us two essential pieces of information - a location must ex-
ist for those objects, and this location must be unique. As
another example, the KEWI ontology asserts that a “pile”
is attached to a location, and it holds a pallet and a stack
of containers. This knowledge is generally not explicit in a
planning domain model since it is unlikely to be important
in the planning function.

Returning to the Blockworld example, a part of ontology
of our variant of BlocksWorld as captured by KEWI is de-
picted in Figure 3. It captures relations between classes of
objects with constraints determining how many instances of
the relation can be true in a state.

Both these examples illustrate how better explanations are
available in this context: explanation can refer to more accu-
rate used of relations and objects, and to semantically related
information such as aggregation and concept relations.
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(:domain dwr
(:class agent)
(:class crane
(:super-class agent)
(:role at (:min 1)(:max 1)(:class location))
(:role holds (:max 1)(:class container)))

(:class robot
(:super-class agent)
(:role loaded-with (:max 1)(:class container))
(:property has-colour (:min 1)(:max 1)

(:type colour)))
(:class location
(:role occupied-by (:max 1)(:class robot)))

(:class stackable)
(:class container
(:super-class stackable)
(:role on (:max 1)(:class stackable))
(:role piled-on (:max 1)(:class pallet))
(:property paint (:min 1)(:max 1)

(:type colour)))
(:class pallet
(:super-class stackable)
(:role at (:min 1)(:max 1)(:class location))
(:role top (:min 1)(:max 1)(:class stackable)))

(:property colour
(:values ( red green blue )))

(:relation adjacent
(:arguments ((?loc1 location)(?loc2 location)
)))

Figure 2: A part of ontology of the Dock-worker’s domain
in KEWI

Discussion
Three main approaches are traditionally exploited to formu-
late domain models.

1. Domain models are often formulated into a planner
input language directly from a requirements specifi-
cation using only (enriched) text editors (these are
so-called hand-crafted domain models), such as the
planning.domains framework.

2. Following a more principled process, requirements can be
encoded firstly into a more application-oriented language
such as UML in itSIMPLE, or in AIS-DDL in the KEWI
interface, and then mapped into the target planner’s input
language. This can support a validation and verification
processes, as well as improving maintenance and docu-
mentation of models.

3. Finally, there are approaches where automated acquisi-
tion tools can formulate partial or complete domain mod-
els. Tools, such as the LAMP system (Zhuo et al. 2010)
and the LOCM system (Cresswell, McCluskey, and West
2013), can rely on different amount and type of available
knowledge.

The first approach can hardly be modified to include the
encoding of the additional knowledge that would be required
in order to support context-related and assumption-related
explanations. This is because the hand-crafting process is
usually performed without producing significant documen-

(:class object
(:role on (:max 1) (:class cube)))
(:class cube (:super-class object))
(:class cone (:super-class object))
(:class hand
(:role holding (:max 1) (:class object)))
(:class table
(:role on-table (:max k) (:class object)))

Figure 3: A part of ontology of our variant of BlocksWorld
generated by KEWI

  

KE tool
Context-related

Ontology
Formalised

documentation

Plan QuestionsReasoner

Explanations

Model

Figure 4: An overview of the components needed for sup-
porting context-aware and assumption-aware explanations
in planning.

tation –sometimes even without any documentation at all–
and is a try-and-fix process, where issues are tackled when
they arise. This approach is supposed to be used for encod-
ing mock-ups of domain models, in order to quickly testing
some prototypes; however, evidence from recent ICKEPS
indicate that this is usually not the case.

Tools designed for encoding models following the third
approach, i.e. without humans in the loop, would also be
hard to extend. The idea of such approaches is to generate
models by considering available “raw” data, possibly col-
lected from sensors, and to generate models that reflect the
observed behaviour. The focus is not on human-readability,
but on the encoding of models that can be immediately ex-
ploited for planning purposes. For this reason, it usually hard
to link names and objects to the specific context. Moreover,
assumptions are not made at the encoding level, but are im-
plicitly given by the way in which tools have been designed
and coded.

At this point, it should be clear that tools developed for
encoding models following the depicted approach 2 are the
best candidate to be extended for supporting explanations
from the KE process. Tools like itSimple and KEWI come
in the form of large frameworks that guide the encoding
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of models. For this reason, they can be straightforwardly
extended to support the level of documentation required
for dealing with assumption-related explanations. Similarly
to existing IDE for object-oriented programming, such KE
tools can include plugins that facilitate documentation, and
that underpin the semi-formalised encoding of comments,
assumptions and motivations. This can be done by highlight-
ing areas of the model that lack of “comments”, and by pos-
ing critical questions (Atkinson and Bench-Capon 2007).
Context-related explanations can be supported by appropri-
ately designed plugins allowing to: (i) import an appropriate
existing ontology, or design and fill a new ontology, (ii) link
the ontology to the current KE process, and (iii) suggest,
on the basis of the ontology, suitable object’s types, predi-
cates, etc. to be used. Aligning types and properties between
the planning domain model and the ontology, allows to deal
with context-related explanations.

Of course, extending the knowledge encoded during the
KE process of a planning model is not enough to provide
explanations. It is pivotal to provide a reasoner that is able
to (i) analyse the questions, provided by the user or auto-
matically generated, (ii) identify the most suitable source of
knowledge, (iii) collect the available knowledge and perform
automated reasoning, and (iv) provide one (or more) expla-
nation addressing the question. Figure 4 shows an overview
of an architecture capable of dealing with context- and
assumption-related explanations. In yellow, we highlighted
elements that can be a source of knowledge, or the product,
of the explanation process.

Conclusion
It is pivotal that, in real-world planning applications, deci-
sions and solutions can be explained, in order to maximise
safety and increase reliability of the planning component.

In this paper we identified two categories of explana-
tions that require additional knowledge, with regards to the
knowledge provided in planning models and that can be ex-
tracted from the planning process, in order to be satisfyingly
dealt with. Context-related explanations require information
about the context that are not typically encoded in the plan-
ning models. Assumptions-related explanations are focused
on the way in which models are encoded, and require in-
formation about decisions and assumptions made during the
KE process.

We then described an architecture that would be able
to deal with the introduced classes of explanations. Future
work will focus on defining a suitable formalism for the ad-
ditional knowledge, and in extending KE tools in order to ef-
fectively support the encoding of such knowledge during the
KE process. Finally, we will investigate techniques and ap-
proaches –particularly from the argumentation community–
that can be included in the automated reasoner shown in Fig-
ure 4.
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