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Department of Mathematics, King’s College London, Strand, London WC2R 2LS, UK

(Dated: March 19, 2019)

In this paper we explore an approach to understanding price fluctuations within a market via
considerations of functional dependencies between asset prices. Interestingly, this approach suggests
a class of models of a type used earlier to describe the dynamics of real and artificial neural networks.
Statistical physics approaches turn out to be suitable for an analysis of their collective properties.
In this paper, we first motivate the basic phenomenology and modelling arguments before moving
on to discussing some major issues with inference and empirical verification. In particular, we focus
on the natural creation of market states through the inclusion of interactions and how these then
interfere with inference. This is primarily addressed in a synthetic setting. Finally we investigate
real data to test the ability of our approach to capture some key features of the behaviour of financial
markets.
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I. INTRODUCTION

It is well known that the statistical properties of fi-
nancial markets can be well summarized in terms of the
so-called stylised facts; most notable of such are fat tailed
return distributions, time dependent volatilities and long
term memory in the form of volatility clustering [1]. The
seemingly robust universality of these phenomena across
various markets and time-scales provide the belief that
there may in fact exist an underlying mechanism of mar-
ket behaviour [2–5].

There have been many attempts in the past to for-
mulate such laws, with efforts largely led by two distinct
approaches. The first extends the classical Brownian Mo-
tion type models for describing the evolution of prices in
a phenomenological manner. In this case, the statistical
properties of interest are generated by using fat-tailed
random price increments instead of Brownian ones [6],
or processes with more complicated noise structures such
as jump-diffusion type models [7]. Alternatively, models
explicitly constructing a dynamical process for the evo-
lution of volatilities have been proposed. Well known
examples include a class of stochastic volatility models
known as GARCH models [8] and the Heston model as
their continuous time analogue [9].

The second approach on the other hand concentrates
on the universal nature of the main stylised facts. In
this regard, one appeals to powerful heuristics in statis-
tical physics according to which universal macroscopic
properties emerge quite naturally as a result of interac-
tions between constituents in a large system. Prominent
modelling examples along this line of reasoning are agent
based models such as the Minority Game and related
models [10–14]. See [5] for an up to date review of such
approaches to finance in general. Whilst attempting to
be mechanistic rather than descriptive, models of this
type are still problematic in two particular ways. The
first being that some of them require fine tuning in order
to create the critical conditions needed for the models
to exhibit the desired statistical properties one wishes

to capture. Secondly, connecting such models to empir-
ical data can be difficult. The Minority Game, for in-
stance, deals with interacting strategies of agents, and
their co-evolution in response to common information —
a level of description that is difficult to link directly to
real price dynamics; an empirical underpinning of that
model would therefore be rather non-trivial.

In [15], a model was proposed which can be thought of
as a hybrid of the two directions described above. The
model recognises the importance of modelling at the level
of the prices so as to connect with the vast existing lit-
erature on both theoretical and empirical studies of fi-
nancial markets. It also builds on the idea that it is the
collective nature of how fluctuations propagate through
a market via mechanistic processes which is mainly re-
sponsible for the universal nature of market behaviour.
Effective interactions between asset prices are therefore
a key ingredient of that modelling approach.

Of course, the notion of dependencies between asset
prices is not novel and it is in fact quite common to speak
of them within a market. However, in this context it is
very important to carefully distinguish between statisti-
cal measures of dependency such as correlations, and the
functional dependencies we aim to discuss. The former
typically feature in data-driven approaches to uncover
market structure, whereas the latter are more deeply con-
cerned with market mechanisms.

Measures of correlation have a long history in finance,
dating back at least to the early work of Markowitz on
portfolio optimization [16]. More recently they have been
playing a key role in many studies originating in the
Econophysics community. See [17] and references therein
for a recent review providing an overview of such data
driven studies. Measures of correlation have in particu-
lar played a central role in detecting structure in markets,
including sectors of co-dependent assets or dynamically
distinct regimes of market behaviour [18–27].

While many interesting and useful results have arisen
from such studies, one should remember that they are
limited to linear statistical dependencies, which in sys-
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tems with high levels of non-linear feedback may miss
important information. Moreover, results obtained are
often critically dependent on the time scale of measure-
ments and the window sizes used for estimation. One of
the more significant advances in the field of correlation
measurements in finance has been the advent of random
matrix theory (RMT) in this area, which has provided
the promise of truly capturing significant signals through
proper filtering of noise, and has thus acted to stabilise
available results [28–30].
As a final point we note that uncovering mechanisms

responsible for the creation of correlations can provide
a complementary avenue to quantifying market struc-
tures (beyond linear statistical dependencies). Think-
ing in particular in terms of interactions between asset
prices, the wealth of existing literature on correlations
provides an immediate starting point for comparison,
when analysing and interpreting results. For example,
one may look to compare the standard conclusions drawn
from clustering or using minimum spanning trees, say,
with those obtained when applied to interactions.
The rest of the paper is organised in the following way.

In section II we provide an overview of the modelling ap-
proach alluded to above. Section III gives a brief account
of the solution of a simple variant of a market model.
From there on we will in Sect. IV move on to the main
focus of the present paper, investigating the role of inter-
actions in and their implications for inference. This will
be first be done in a synthetic setting where connections
to RMT can be made. Finally we will in Sect. V look
at real data and demonstrate that key statistical proper-
ties of market dynamics can indeed be reproduced from
an inferred model of interacting prices. We end with a
summary and discussion in Sect. VI.

II. MODEL PHILOSOPHY

The idea that the universal statistical properties of
price fluctuations in financial markets can be under-
stood as a collective effect, for which effective interac-
tions between asset prices could be ultimately respon-
sible is based on the following argument. It starts out
by considering a hypothetically complete theory of mar-
ket dynamics. Such a complete theory would describe
the co-evolution of all relevant degrees of freedom in a
market (which would comprise not only traded volumes,
the effects of supply and demand, of interest rates, of
interacting trading strategies, of liquidity, or of various
macro-economic indicators on prices and more, but also
the influence of less tangible effects such as psychology
of traders, the role of imitation, the effect of (random)
news and so on). Suppose that with such a hypotheti-
cally complete theory in hand one could write down the
complete set of equations of motion governing these de-
grees of freedom. Taking such a complete theory as a
starting point to formulate a model of market dynamics
in terms of prices alone would require integrating out all

other degrees of freedom from the complete set of dy-
namical equations. This would lead to a reduced theory
which would then in general exhibit two key features,
viz. (i) effective interactions between prices and (ii) non-
Markovian dynamics.
Working with log-prices ui of a system of N assets la-

belled i = 1, . . . , N , the above line of reasoning motivates
a general class of models with a dynamics of the following
form

dui(t) = fi[u]dt+ σidφi(t) , (1)

in which fi is a drift functional for the i-th asset, which
may depend functionally on the market-history of all
other asset prices, collectively denoted by u = (ui),
and dφi(t) is a random increment which may represent
coloured noise. Expanding the drift functional in terms
of the order of interaction involved, one could write it
quite generally as

fi[u] = f
(0)
i (t) + f

(1)
i [ui] +

∑

j

f
(2)
ij [ui, uj ]

+
∑

jk

f
(3)
ijk [ui, uj , uk] + . . . (2)

with

f
(1)
i [ui] =

∫ t

dsMi(t− s)g
(1)
i (ui(s)) , (3)

f
(2)
ij [ui, uj ] =

∫ t

dsMij(t− s)g
(2)
ij (ui(s), uj(s)) , (4)

and so on. Here the Mi and the Mij are memory kernels
which would encode the precise non-Markovian nature of

the dynamics, while the g
(1)
i , the g

(2)
ij would be feedback

functions, generally expected to be non-linear, encoding
details of the interactions. We note in passing that other
forms of the interactions may also occur, in which one
would first obtain time-averages of log-price trajectories
and use non-linear functions of these, rather than first
evaluating non-linear functions of log-prices and taking
time-averages of trajectories of these as in Eqs. (3), (4).
The above framework is kept fairly general, so as to be

able to capture — at least in principle — the majority
of mechanisms that might operate in a market, when de-
scribed in terms of asset prices alone. As such though, it
of little practical use and choices will have to be made to
make further progress. As is usually the case in physics,
one will start by selecting what can be regarded as the
simplest model in the above class that is at the same time
rich enough to produce the desired phenomenology.
In [15] and in the more recent analytical study [31] the

authors restrict themselves to analysing a model with
pairwise interactions only, and in the first instance also
used a Markovian approximation of the dynamics. Draw-
ing inspiration from similar interacting models found in
the study of spin glasses, they made the further assump-

tion that the non-linear feedback functions g
(2)
ij are in-

dependent of the current state ui of asset i on which it
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acts, by choosing g
(2)
ij (ui(t), uj(t)) = gj(uj(t)). Under

these simplifying assumptions, the drift functional is in
fact a function that is local in time, and can be written
as

fi(u, t) = f
(0)
i (t) + f

(1)
i (ui(t)) +

∑

j

Jijgj(uj(t)) . (5)

In [15, 31], the non-linear feedback functions were cho-
sen to be of sigmoid form, i.e. gj(uj) = tanh(βjuj) or
gj(uj) = erf(βjuj), in which the βj > 0 take the role
of gain-parameters. The results presented in [31] and in
the present paper use error function feedback, as it is the
more convenient choice when evaluating integrals over
these functions involving Gaussian weights.
With these choices for the drift function, the system

described by the evolution equations (1) would in fact
describe the evolution of a system of analogue neurons
as proposed by Hopfield [32], provided one chooses

f
(0)
i (t) = Ii(t) and f

(1)
i (ui) = −κiui . (6)

In the neural networks context, the ui would be post-
synaptic potentials, the Ii(t) would represent time-
dependent external signals, the κi > 0 would denote
trans-membrane conductances describing leakage across
membranes, and the Jij would represent synaptic cou-
plings, which could be either excitatory (Jij > 0) or in-
hibitory (Jij < 0).
In the context of market dynamics investigated in

[15, 31], a model with a drift function specified by Eqs.
(5) and (6) would constitute an interacting generaliza-
tion of the classical geometric Brownian motion model,
formulated in terms of log-prices ui(t) = log(Si(t)/Si0),
in which Si0 represents a price-scale, the κi would rep-
resent a mean-reversion effect in the log-price dynamics,
which would stabilize the market in the long term, and
the Jij would quantify the strength of interactions. With
the non-linear feedback functions gj chosen to be sigmoid,
positive couplings, Jij > 0, would favour positively cor-
related asset prices whereas negative couplings, Jij < 0,
would favour negative correlations. In what follows we
will refer to this model as interacting geometric Brownian
motion model (iGBM).
The standard geometric Brownian motion model would

be recovered for the simple choice fi(u, t) = Ii = µi −
1
2σ

2
i , with µi and σi quantifying the drift and volatility

in the model. Moreover the random increments dφi(t)
in Eq. (1) would for the standard geometric Brownian
motion model chosen to be Brownian (Gaussian white)
increments dφi(t) = dWi(t).
In [31], the authors further decompose the state-

independent contribution Ii(t) to the drift as

Ii(t) = Ii + σ0iu0(t) , (7)

consisting of a time independent part Ii and and a slow
fluctuating component driven by an external process.
The authors interpret u0 as describing a global risk com-
ponent felt by all assets in the market, which could be

interpreted as an indicator of macroscopic economic con-
ditions. They model it as an Ornstein-Uhlenbeck process

du0(t) = −γu0(t)dt+
√

2γ dW0(t) , (8)

assuming γ ≪ 1, such that the u0 process becomes con-
siderably slower than the microscopic asset dynamics.

III. MODEL SOLUTION AND

PHENOMENOLOGY

In [31] a Markovian approximation of a model of in-
teracting prices with drift-function as specified in Eqs.
(5) – (8) is studied analytically, using random realiza-
tions for (most of) the model parameters, and Gaussian
white noise for the random forces in Eq. (1). Specifically,
interactions are assumed to be Gaussian and of the form

Jij =
J0
N

+
J√
N

xij (9)

with xij ∼ N (0, 1) and 〈xijxji〉 = η. Here J0 and
J parametrize the mean and standard deviation of the
coupling distribution, while η is a measure of forward-
backward correlations between interactions of pairs of
asset prices.
The all-to-all nature of the couplings allows one, using

the generating functional method, to describe the typical
dynamical behaviour of the system in terms of a family
of non-interacting processes which are self-consistently
coupled through a set of dynamical order-parameters —
a description that becomes exact in the thermodynamic
limit of infinite system size. The effective single-node
dynamics is of the form

u̇ϑ(t) = −κuϑ(t) + I + J0 m(t) + σ0u0(t)

+η J2

∫ t

0

dsG(t, s)nϑ(s) + φϑ(t) , (10)

with ϑ ≡ (I, κ, σ, σ0) used as a short-hand for the collec-
tion of site-random quantities. In Eq. (10) we use nϑ(s)
to denote a non-linear function of uϑ(s), i.e. nϑ(s) =
g(uϑ(s)), and φϑ is a Gaussian coloured noise process
with

〈φϑ(t)〉 = 0 , (11)

〈φϑ(t)φϑ′(s)〉 = δϑ,ϑ′ [σ2δ(t− s) + J2q(t, s)] . (12)

The order parameters m(t), G(t, s) q(t, s) appearing in
the equation of motion (10) and in the specification of
the noise statistics must be determined self-consistently
to satisfy

m(t) =
〈

〈nϑ(t)〉φϑ

〉

ϑ
, (13)

q(t, s) =
〈

〈nϑ(t)nϑ(s)〉φϑ

〉

ϑ
, (14)

G(t, s) =

〈

δ〈nϑ(t)〉φϑ

δφϑ(s)

〉

ϑ

, t > s . (15)



4

Here inner averages are averages over the coloured noise
φϑ while outer averages are over distributions of site-
random parameters.
In [31] the model is solved using separation of time

scales argument, assuming that the system becomes sta-
tistically stationary at given values of the slowly evolving
external u0 process. This allows the authors to evaluate,
e.g. distributions of log-returns for various time-scales.
For a broad class of distributions of mean-reversion pa-
rameters κi they are indeed found to be fat tailed in a
way broadly in line with empirical facts. We refer to [31]
for details and further results.
In what follows, though, we wish to highlight the fact

that — with interactions of the form (9) — one expects
the model to exhibit glassy properties characterized by
a large number of meta-stable states, if the variance of
the coupling distribution is sufficiently large compared
to its mean. These meta-stable states provide a simple
and transparent mechanism for intermittent market dy-
namics and volatility clustering through the interplay of
dynamics “inside states” (with different degrees of stabil-
ity, hence different degrees of effective volatility in each
state), and occasional transitions between them. In the
present set-up the slow OU-process (8) was found to be
the key driver for transitions between meta-stable states,
hence the rate of such transitions is controlled by the rate
γ of of that process.
To test the hypothesis of a link between volatility clus-

tering and meta-stable state structure, a numerical ex-
periment was performed in [31], in which the Gaussian
couplings of Eq. (9) were modified by the addition of
Hebb-Hopfield couplings which stabilize a set of attrac-
tors aligned with P unbiased binary random patterns
{ξµi } as follows

Jij ← Jij +
1

N

P
∑

µ=1

ξµi ξ
µ
j . (16)

The ξµi are chosen from {±1}, independently and with
equal probability for i = 1, . . . , N and µ = 1, . . . P .
The choice of the modification is inspired by models of
neural networks, where specific patterns are encoded in
couplings of the type added. The combination of Gaus-
sian and Hebb-Hopfield couplings is expected to stabilize
slightly distorted versions of the {ξµi } as attractors.
In a simulation the time evolution of returns ∆I(t) =

I(t+ τ)− I(t) of the market-index

I(t) =
1

N

∑

i

eui(t) (17)

was monitored alongside the evolution of overlaps

mµ(t) =
1

N

∑

i

ξµi g(ui(t)) . (18)

Figure 1 clearly demonstrates a strong correlation be-
tween the volatility of index returns and the evolution of

the overlaps, which measure the similarity of the system
states with the three attractors embedded in the cou-
plings.
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FIG. 1. The top panel shows the index returns ∆I over time
intervals τ = 10 for a system of size N = 50. The bottom
panel shows the corresponding overlaps of the system state
with each of the P = 3 embedded attractors. Other system
parameters are J0 = J = 0.5 = η = 0.5, Ii ∼ N (0, 0.5),
σi ≡ 0.1, and γ = 10−4. The κi are exponentially distributed
with mean κ0 = 0.2

Given the importance of the underlying interaction
network in creating such effects, practical applications
of the model would of course be tackled by first attempt-
ing to infer this underlying structure. Once this had been
achieved, predictive abilities of the model could be tested
and its usefulness in terms of capturing the collective be-
haviour of asset dynamics could be analysed.

IV. INFERENCE

Having motivated the need for interactions in mod-
elling the dynamics of asset prices, we now concern our-
selves with the inverse problem of inferring the param-
eters of such models. We will do this in a parametric
framework, using the maximum likelihood method to in-
fer parameters of an iGBM specified by Eqs. (5)-(7) from
observed trajectories of log-returns of a set of (interact-
ing) assets.
Before turning to actual market data though, we will

attempt to infer model parameters using synthetic data
generated by a model in the very same class, for which
results can thus be compared with a known ground truth.
This is an important exercise that will allow us to under-
stand the limitations of inference in systems of the type
considered here. As we will discuss in detail below, two
main issues are encountered.
The first is related to sampling problems. In order to

fully specify an iGBM, one has to fix a large number of
parameters. This number scales as N2 for a system of
size N . In order to reliably infer the model parameters,
sufficiently large data samples must be taken. We will
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find below that the required sample sizes are intimately
related to those required to reliably estimate elements of
large random correlation matrices.
The second issue is a direct consequence of the exis-

tence of metastable states in the dynamics of iGBM type
models. Given that a system may spend large amounts of
time in any of the meta-stable states, even very long dy-
namical trajectories may only explore a small fraction of
the complete set of states that a system may in principle
support. In such a case it is conceivable that only some
low-dimensional projection of the coupling matrix can
be reliably estimated despite the fact that the amount
of data used for estimation is very large indeed. We
will demonstrate below in a synthetic setting, that this
hypothesis is actually correct. Analogous effects have
indeed been noted when inferring interactions in glassy
Ising type models in the low temperature regime [33–35].
Assuming then that real market dynamics may be be-
set by the same type of problems, one will have to be
cautious when drawing conclusions from inferred model
parameters, and ideally devise suitable measures which
could indicate whether an inference attempt has or has
not overcome the problem associated with slow explo-
ration of a sufficiently large number of long-lived states.
With reliably estimated system parameters in hand,

one could proceed to investigate structural properties of
inferred interactions which could reveal market struc-
tures and dependencies beyond those detectable using
correlation measures. Moreover, one could of course go
on to generate market trajectories via Monte Carlo sim-
ulations, using these, e.g., as inputs for risk analysis, or
to identify specific market states. The list could go on.

A. Maximum Likelihood

The starting point for our analysis is the likelihood
which we write as the probability of a trajectory of ob-
served prices, after discretizing time in steps of size ∆
as

P [u] =
∏

i,t

1
√

2πσ2
i /∆

exp
(

− ∆

2σ2
i

[

u̇i(t)− fi(u, t)
]2
)

,

with u̇ a short-hand for the discrete time derivative
u̇(t) = [u(t + ∆) − u(t)]/∆. As is usually the case, we
work with the negative log likelihood L, which one can
write as

L =
∑

i,t

[u̇i(t)− fi(u, t)]
2

2σ2
i /∆

(19)

up to an additive constant independent of the couplings.
Estimates of parameters ϑ = {κi, Jij , Ii, σ0i} are then
found as usual by solving ∇ϑL = 0. This equation is
easily seen to generate a system of linear equations for
the parameters to be estimated. The system of equations
actually decomposes into sets of equations which are de-
couple for different i. We note in passing that estimates

of ϑ can be found without knowledge of the σi, and that
estimates of the latter can be obtained by estimating the
variance of u̇i(t)− fi(u, t).
In practical applications, one would like to estimate

the hidden u0 process as well, which due to the linear
Gaussian structure can be done in closed form too. In
general, however, one may expect that there may be more
than one latent process relevant for asset dynamics. In
what follows, we will assume that there is just a single
such process, and in order not to overburden the following
discussion, we will also assume it (and the σ0i) to be
known.
To formulate the equations for the parameters associ-

ated with node i we introduce the vector Φ(i) of param-
eters

Φ(i) =













κi

Ii
Ji1
...

JiN













=





κi

Ii
Ji



 , (20)

The maximum likelihood equation ∇ϑL = 0 then stipu-
lates that Φ(i) satisfies the equation

A(i)Φ(i) = b(i) , (21)

where b(i) is the vector 2 +N dimensional vector

b(i) =













σ0i〈uiu0〉 − 〈uiu̇i〉
σ0i〈u0〉 − 〈u̇i〉

σ0i〈g1u0〉 − 〈g1u̇i〉
...

σ0i〈gNu0〉 − 〈gN u̇i〉













(22)

and A(i) is a (2+N)× (2+N) block-matrix of the form

A(i) =





〈u2
i 〉 −〈ui〉 −[〈uigk〉]k
〈ui〉 −1 −[〈gk〉]k

[〈gjui〉]j −[〈gj〉]j −[〈gjgk〉]jk



 , (23)

in which 〈. . . 〉 = 1
T

∑T
t=1(. . . ) is shorthand for a sample

average taken over a sample of T time points. That is,

A(i) is a block matrix with matrix elements determined
by various sample correlations and sample averages.
The values of the unknown parameters are then given

by

Φ(i) = (A(i))−1b(i) , (24)

It is convenient to write the 2 + N dimensional vector
b(i) in the form

b(i) =

(

b
(i)
0

b
(i)
1

)

(25)

and, in a similar vein the block-matrix A(i) as

A(i) =

(

A
(i)
0 A

(i)
1

A
(i)
2 A

(i)
3

)

.
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Note that A
(i)
3 is actually independent of i, A

(i)
3 = A3.

Using this representation, one can use standard block-
matrix inversion formulae to obtain, e.g.,

Ji = Â
(i)
2 b

(i)
0 + Â

(i)
3 b

(i)
1 , (26)

with

Â
(i)
2 =

(

A
(i)
1 −A

(i)
0 (A

(i)
2 )−1A3

)

−1
, (27)

Â
(i)
3 =

(

A3 −A
(i)
2 (A

(i)
0 )−1A

(i)
1

)

−1
. (28)

Estimating the couplings therefore translates to estimat-

ing the block correlation matrices appearing in Â
(i)
2 and

Â
(i)
3 .

B. Transition to Learning

Given the set of maximum likelihood (ML) equations
(26)-(28) for the parameters of interest, one is in princi-
ple able to recover these with arbitrary precision, given
enough data. In practice only finite data sets will be
available for estimation, and the question of the quality
of estimates naturally arises. This can of course only be
properly tested for in a synthetic case where the param-
eters of the process generating the data are known.
The general analysis of ML inference presented above

entails that inference of the couplings requires us to have
good estimates for several correlation matrices. The most
problematic of these turns out to be the N × N sub-
matrix A3 defined above, with elements

(A3)jk = 〈g(uj)g(uk)〉 . (29)

If interactions and consequently correlations are to exist,
then estimating the shared variation across assets relies
on correct inference of the principle components of this
correlation matrix. It is well known that unless the ratio
α = N/T of matrix dimension N and sample size T used
to measure it is sufficiently small, the estimated correla-
tion matrix will be indistinguishable from a sample corre-
lation matrix of a collection of i.i.d. random vectors, and
as a consequence true couplings can not be inferred at
all. The limiting distribution for the spectral density of
such sample correlation matrices is the Marčenko-Pastur
(MP) distribution, and it can be used as a null model, to
assess whether principle components ofA3 corresponding
to collective modes of the underlying dynamical system
have been identified.
We do indeed observe such a transition to learning in

the present case. In order to make contact with the stan-
dard theory which stipulates a comparison with indepen-
dent identically distributed random vectors, we restrict
ourselves to observing the system in a single ergodic com-
ponent so as to guarantee homogeneous statistics. This
can be achieved by turning off the driving force that nor-
mally triggers transitions between ergodic components,
i.e. by keeping the the global macro-economic noise-
component u0 constant.

We report results in Fig. 2. Rather than using matrix
inversions as described in the previous section, though,
we use an iterative stochastic gradient descent method
on the basis of a data sample of size T = N/α to
learn the couplings, using mini-batches of fixed size to
evaluate gradients. Measuring estimation errors as af-
ter convergence as functions of α, we find that unless
α < αc ≃ 0.06, i.e. sufficiently many observations of
the system are made to estimate correlation matrices,
the inferred interactions are essentially independent of
the true couplings. In this case, one is not able to re-
cover any of the collective statistical features of the data
set. As α is decreased below αc, correlations between
inferred and true couplings gradually emerge, as do de-
viations between the MP distribution and the observed
eigenvalue density of centred versions of correlation ma-
trices A3. The same transition is noted in the learning
of interaction networks in Ising models[36].
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FIG. 2. Left panels: Eigenvalue distributions of centred ver-
sions of correlation matrices A3, compared to MP distribu-
tions (full lines) for several values of α = N/T in a system
of size N = 150. Right panels: Scatter-plots showing esti-
mated couplings Ĵij as functions of the true couplings for the
same values of α. Estimated couplings within a (relative)
error margin of ǫ = 0.01 of true couplings are marked in a
lighter (orange) shade. As α decreases deviations of eigen-
value spectra from the MP law become noticeable, and we
observe a clear separation of the leading eigenvalues from the
bulk of the spectra. Noting the different vertical scales in the
right set of panels, we conclude that at the same time, cor-
relations between estimated and true couplings become more
pronounced (i.e., the fraction of estimated couplings within
the error margin of ǫ = 0.01 of the true couplings increases)
with decreasing α.

C. The Curse of Non-ergodicity

With the dynamics stuck in a single ergodic compo-
nent, couplings will, however never be fully learnt, in-
dependently of the size of the data set used to estimate
pertinent correlation matrices, as only a low dimensional
projection of the full coupling matrix will be relevant for
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the dynamics in any single such ergodic component. Only
that same low dimensional projection can as a result be
inferred.
In order to be able to fully learn the true couplings,

the system dynamics must therefore be able to explore
sufficiently many of the long-lived states that the system
is in principle able to support, in order to estimate the
couplings with reasonable precision.
In the synthetic case, the rate at which transitions be-

tween long-lived states occur is controlled by γ, the rate
of change of the slow u0 process introduced to mimic
slowly evolving macro-economic conditions. By tuning γ
one can therefore influence the degree to which the full
state space will be explored in a given fixed time horizon,
and thus the precision with which the true couplings can
be inferred.
Figures 3 and 4 illustrate this phenomenology in a

qualitative fashion. In both cases we use a time hori-
zon of T = 105 for the dynamics of a system of N = 150
assets. In Fig. 3 the parameter γ is chosen to be very
small, so that typically only a single ergodic component
can be explored. As a consequence only a small subset
of couplings is inferred, i.e. within a given error margin
ǫ of the true couplings. The information in the left panel
is only available for synthetic systems, for which the true
couplings are known. The data format in the right panel
on the other hand — inferred couplings versus random
initial conditions for them — is available even when true
couplings are not known. The results show that the sub-
set of couplings which are inferred with reasonable pre-
cision turns out to be largely independent of the initial
couplings. In Fig. 4 the experiment is repeated with a
larger value of γ chosen such that over the same time
horizon, the system will typically make O(1000) transi-
tions between different long-lived states of the system.
As a consequence, the overwhelming majority of inferred
couplings is now within the error margin ǫ = 0.01 of the
true couplings, and is found to be independent of initial
values used for inference.
In Fig. 5 we explore the learning process in a more

quantitative fashion by showing normalized learning
curves for various γ′s. The error is calculated as

E(τ) =
||Ĵ(τ)− J||
||J|| (30)

where τ is defined in terms of the number of gradient de-
scent updates. For the figure we plot Ê(τ) = E(τ)/E(0)
as this eliminates the fluctuations of the initial normal-
ized error across initial conditions. The dependence of
the relative asymptotic error on the ergodic time scales
is clearly visible, with large residual errors observed for
cases for which system exploration is not possible.
While we have here looked at the problem of inference

for a specific structural model of market dynamics, the
lessons learnt would be relevant for inference of system
parameters from observed dynamical trajectories for any
complex system exhibiting a multiplicity of meta-stable
states.
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FIG. 3. Left panel: Scatter-plot of inferred couplings versus
true couplings for a system of size N = 150, with γ = 10−7,
T = 105 and N = 150. Inferred couplings within an error
margin of ǫ = 0.01 of the true couplings are displayed in
lighter (orange) shade. In the right panel we display results
of the same experiment in a different fashion, namely as a
scatter-plot of inferred couplings vs. initial choices for the
same couplings. In this representation, points on the diago-
nal have not moved in the course of attempting to infer the
couplings.
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FIG. 4. The same as figure 3 but this time for γ = 0.01. The
ability to explore many ergodic components means couplings
can be well estimated.

This is, in particular, also the case for inference of sta-
tistical properties of real financial markets, if indeed our
hypothesis is correct that salient features of market dy-
namics are due to the existence of a multiplicity of market
states.

V. REAL DATA

Having explored the consequences of market states and
interactions in a synthetic setting, we now turn our atten-
tion to inference in a real market. As our starting point,
we use S&P500 constituent stock prices recorded every
minute. In particular, we will look at the N = 200 as-
sets which remain continuously in the top 500 ranked by
market capitalization as a proxy for our market, and we
sample prices every 5 minutes to smooth micro-structure
noise.
Two pre-processing steps are employed before data are

used to infer parameters of an iGBM model. First, prices
are transformed to a co-moving frame — i.e. log-prices
are de-trended over time windows of a given length. Sec-
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FIG. 5. Average normalized error of inferred couplings as a
function of the number τ of updates of a stochastic gradient
descent dynamics for various values of γ. Averages are taken
over 200 runs. We use mini-batches of size 100 to evaluate
gradients and a fixed learning rate η = 0.5. Curves from top
to bottom correspond to increasing γ, thus increasing rate of
transitions between long-lived states.

ondly de-trended log-prices are translated and scaled to
fit into a standard interval, which is equivalent to intro-
ducing gain parameters and thresholds in the non-linear
feedback functions. An iGBM type model is then fitted
to the evolution of these de-trended and normalized data.
After fitting the model, the pre-processing steps can be
reversed to interpret whatever analysis can be extracted
from predictions of the inferred model.

Our analysis of real data is still at its beginnings. Here
we will mainly report first results concerning collective
properties such as return distributions or cross correla-
tions between log-returns as generated by the calibrated
model. Connecting with our earlier discussions of market
states and their relation to volatility clustering or market
instabilities, we will also be interested in how such states
or instabilities might be detected in a calibrated iGBM
model.

The first requirement for any structural model of fi-
nancial fluctuations is that it adequately captures the
statistical properties of these fluctuations. Beyond the
scientific perspective of thereby supporting the modelling
approach itself, this is also a formal requirement of any
model under the Basel III accords [37] for it to be used
in the banking industry.

In Figure 6 we show a comparison between true and
generated ensemble 5-minute normalized log-return dis-
tributions for a 4 month period in 2017, with the model
calibrated on data taken from a 6 month period prior to
the period for which the comparison is made. We note
that we have so-far only used Gaussian white noise in
simulations of the inferred model, whereas the original
data clearly show jumps. The latter are detected dur-
ing the inference stage and interaction parameters are

−10 0 10
Δu/σ

10
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10
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10
−2

10
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10
0

P(
Δu

/σ
)

true
generated

FIG. 6. True and generated ensemble distribution of normal-
ized log-returns (i.e., log-returns measured in units of their
variance) for N = 200 assets selected from the S&P500.

inferred only on the continuous parts of system trajecto-
ries. Yet it seems that even without jumps in the gener-
ative model we are still able to capture the shape of the
fat tailed return distributions, though estimates of the
variance are found to be off by a factor of 5 in this case.
We expect that this discrepancy can be overcome by esti-
mating jump-size distributions and frequencies and using
a proper jump diffusion model to generate market trajec-
tories from an inferred model.
One can take a closer look also at the structure of re-
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1

Spectral density of true returns

0 2 4 6 8
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0

2
Spectral density of generated returns

FIG. 7. Spectral density for true and generated return corre-
lations corresponding to same time period as in figure 6.
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turns across the market, by looking at cross correlations
between them. It is well known, that these can be used
e.g. to identify industrial sectors in a market in terms
of the dominant principle components of the correlation
matrix of returns [38–40]. In Fig. 7 we only report the
eigenvalue density of the correlation matrices, compar-
ing results obtained directly from the data with those
obtained by generating the same amount of data using
the inferred model.
It appears that broad features of the empirical spec-

trum are recovered by the inferred model. Looking at
eigenvalues corresponding to the largest principle com-
ponents, we note that, while they are approximately of
the right magnitude, some additional substructure ap-
pears in the synthetically generated spectrum. There is
in both spectra a band of small eigenvalues, though in
the empirical market data the width of of this band is
somewhat larger. Whether the discrepancies are related
to the absence of jumps in the generative inferred model
is currently under investigation.
Finally, to explore the idea of market states and their

relation to the evolution of market volatilities we perform
an experiment similar in spirit to that reported in Fig. 1,
in which overlaps of system states with attractors embed-
ded in the network are reported. In a real market, we do
not have a-priori knowledge of the nature of attractors.
It turns out, however, that a singular value decomposi-
tion of the inferred couplings provides a decomposition
of the contribution of interactions to the drift function of
a similar structure as that generated by Hebb-Hopfield
type couplings. The singular value decomposition of the
inferred coupling is of the form

Ĵ = UΣVT (31)

with orthogonal matrices U = (Uiµ) and V = (Viµ), and
the diagonal matrix Σ = diag(σµ) of singular values of

Ĵ.
In terms of this decomposition, one can write the in-

teraction contribution to the drift function as
∑

j

Ĵijg(uj(t)) =
∑

µ

σµUiµmµ(t) (32)

in which overlaps mµ(t) with singular vectors now given
by

mµ(t) =
∑

j

Vµjg(uj(t)) . (33)

We show in Fig. 8 that this essentially provides a low
dimensional visualisation of how the market evolves in
terms of the dominant regime changes. The figure cov-
ers a time period of 5 years, from early 2012 to late 2016.
The top panel shows evolutions of overlaps of market data
with three selected singular vectors of the interaction ma-
trix inferred on the basis of data of the year preceding
the period shown. The period shown exhibits two phases
characterized by comparatively large volatility and over-
laps changing significantly, the first marking the height

of the sovereign debt crisis, the second beginning around
June 2015. One is tempted to speculate whether the
transition to the less volatile intermediate phase might
have been triggered by by Draghi’s famous ‘whatever it
takes’ speech of 26/07/2012, which is widely believed to
have contributed to calming down financial markets. The
second period of notice contains the aftermath of a ma-
jor flash crash of 24/08/2015 which is accompanied by
a large reconfiguration of the internal dynamics and an
accompanying volatility burst. Interestingly, in terms of
overlap dynamics, it appears that precursors are visible
already two months before the actual flash crash.

FIG. 8. The top panel shows the projection of the system
state onto three selected singular vectors of the inferred inter-
action matrix. The overlaps are bounded by ±1, with specific
market states typically defined by finite overlap with only a
few such directions. All others are of order ∼ 1/

√
N as is

illustrated by the middle relatively flat line representing one
of these. The lower panel shows the corresponding evolution
of the index returns for the same time period.

While the analysis of S&P500 data in terms of an
iGBM model has produced evidence that such a model of
interacting asset prices can go some way in reproducing
statistical properties of the real market dynamics from
which it was inferred, results are still far from perfect,
and further analysis is clearly required. We expect that
some of the inadequacies encountered can be overcome
by properly taking effects of jumps into account.

VI. SUMMARY AND DISCUSSION

The main purpose of this paper was to motivate the
need for including effective interactions between asset
prices when talking about their co-evolution. We intro-
duced a general class of models which would incorporate
this idea, before specializing to one of the simplest rep-
resentatives in this model class to be studied in greater
detail. We then discussed the principal difficulties one
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will encounter when attempting to calibrate a model in
this class.

The first problem is directly related to sampling issues
for large random matrices, most notably when estimat-
ing large correlation matrices. The second issue is re-
lated to the possible existence of a large number distinct
long-lived market states. Within an iGBM model they
are created by random interactions which produce ‘con-
flicting ordering instructions’ for asset prices in a man-
ner known from spin-glasses. We show that due to the
existence of these long-lived states, large systematic er-
rors are unavoidable when inferring interactions based on
data sampled only across a a few of these market states.

One can fairly argue that the analysis of these two
principal obstacles for model calibration can hold impor-
tant lessons for other data driven approaches to analysing
financial markets.

Assuming that proper calibration can be achieved, the
most obvious question to ask is whether the inferred
model is sufficient to capture essential statistical prop-
erties of asset dynamics of real markets. While we were
able to reproduce qualitative aspects of collective be-
haviour of a market such as fat tailed return-distributions
and spectra of correlation matrices generated by a cali-
brated model which do show the existence a set of col-
lective modes broadly in line with what is seen in real
data, quantitative shortcomings remained. We believe
that these are mainly due to the fact that we have so
far not included jump processes in our modelling. This

point clearly deserves further investigation.
The possible existence of market states is clearly rele-

vant from a practical point of view. Apart from their role
in creating obstacles for proper calibration mentioned
above, detecting and possibly predicting regime changes
accompanied by phases of increased market volatility
could be useful both for traders and for regulators and
central banks. In Sect. V we studied a very simple way
based on projecting market states on singular vectors of
an inferred interaction matrix, which appears to be able
to detect such regime changes, which are typically ac-
companied by changes in market volatility.
Future directions of our work would include (i) a more

thorough study of market states and looking at further
ways to detect and possibly to predict them; this would
in particular require to create statistical measures of pre-
dictability that go beyond the anecdotal evidence pre-
sented in Fig. 8, (ii) systematically including jump pro-
cesses in the model, (iii) exploring whether memory and
perhaps higher order interactions, as stipulated by the
general line of reasoning presented in Sect. II, need to be
taken into account, (iv) exploring the need for a richer
multi-factor model of external slow noise sources, and
finally (v) assessing whether and how our modelling ap-
proach might be used in practice for risk management
purposes. The list could possibly go on.
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