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Many living and complex systems exhibit second-order emergent dynamics. Limited experimental
access to the configurational degrees of freedom results in data that appear to be generated by a non-
Markovian process. This limitation poses a challenge in the quantitative reconstruction of the model from
experimental data, even in the simple case of equilibrium Langevin dynamics of Hamiltonian systems. We
develop a novel Bayesian inference approach to learn the parameters of such stochastic effective models
from discrete finite-length trajectories. We first discuss the failure of naive inference approaches based on
the estimation of derivatives through finite differences, regardless of the time resolution and the length of
the sampled trajectories. We then derive, adopting higher-order discretization schemes, maximum-
likelihood estimators for the model parameters that provide excellent results even with moderately long
trajectories. We apply our method to second-order models of collective motion and show that our results

also hold in the presence of interactions.

DOI: 10.1103/PhysRevX.10.031018

I. INTRODUCTION

Recent experimental findings on a variety of living
systems, from cell migration [1], bacterial propulsion
[2], and worm dynamics [3] to the larger scale of animal
groups on the move [4-7], indicate that the observed
behavior cannot be explained with a first-order dynamical
process but requires a higher-order description. For bird
flocks and insect swarms, the case which interests us most,
data show that propagating directional information during
collective turns in flocks requires rotational inertia, i.e., a
reversible dynamical term, to account for the measured
dispersion law [6]. The shape of the velocity-velocity
correlation function in swarms, which flattens at short
times, also points to a second-order dynamics for these
systems, as suggested by the value of the dynamical critical
exponent [7]. Overall, data indicate that considering sec-
ond-order dynamics is required to explain how animal
groups behave on their natural size and timescales—even
though overdamping might theoretically occur for very
large systems and on very large timescales.
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The emergent dynamics of all the above systems share
three fundamental ingredients: an effective inertia, dissi-
pation, and a stochastic contribution. Disentangling such
contributions is often crucial to understand the processes at
stake, and reliable methods are required to extract that
information from available data. The example of animal
groups, which motivates the present work, is also helpful to
discuss the theoretical objectives and experimental con-
straints of the inference procedure. Ideally, we would like to
build the simplest continuous second-order model consis-
tent with experimental findings. We seek a continuous-time
model for several reasons: (i) It allows computations to be
performed; (ii) it is a reasonable assumption for systems
where microscopic update times are much smaller than
observational scales (cognitive processes occur on tenths
of milliseconds, whereas behavioral changes on scales of
seconds); (iil) it circumvents the inherent arbitrariness of
discrete-time modeling. Experimental data, on the other
hand, come in the form of discrete timeseries, where the
discretization interval is set by the time resolution of the
experimental apparatus.

In the presence of stochasticity, the nature of the data
poses two major problems. First of all, if the dynamics is of
second order, all signals (including initial condition and
noise) are propagated in time with a memory kernel,
making the relation between the coarse-grained data that
we observe and the underlying process far more complex

Published by the American Physical Society
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than in the first-order case. The memory kernel arises from
the contraction of the dynamical description of the second-
order stochastic process from the full phase space to a
lower-dimensional subspace—usually that of measurable
degrees of freedom [8—10]. For example, were we able to
experimentally measure with the same accuracy a pair of
conjugate variables, e.g., positions and velocities of moving
individuals, we could seek a model for their joint evolution.
But in common experiments that is not the case, as one
typically measures one degree of freedom (e.g., positions)
and must derive the other. To confront the data, we
therefore need to work in a reduced space. Second, the
goal of the inference procedure is to retrieve a continuous
stochastic model from a collection of discrete sample paths
occurring on finite observational timescales At. In the
absence of an explicit solution for the stochastic process,
the most reasonable thing to do is to transform the
stochastic differential equation (SDE) into an approximated
difference equation. Such discretization must be performed
very carefully, since the resulting equation should correctly
represent the underlying stochastic process both at the
scales of the sampled data (at which inference works) and
in the microscopic limit of vanishing increments.

These two problems are quite general and do not depend
on the presence of interactions in the system but rather on
the nature of the dynamics. Although the issue has been
considered before, the literature is sparse and a satisfying
Bayesian inference approach is still lacking. Previous
attempts to provide systematic inference strategies for
second-order dynamics consist of building converging
estimators for the different terms of the model from proper
combinations of measurable quantities [11-13] or in
exploiting known relations between model parameters
and accessible observables [14].

In a more general and refined way, the problem can be
reformulated in terms of a dynamical inverse problem, and
much work has been done in this field in the past years [ 15—
17]. However, most analyses focus on first-order processes
in time [18-25]. Second-order processes are considered
within this framework in Refs. [26,27], yet the proposed
method differs from a proper maximum-likelihood
approach, due to the difficulty of deducing a pseudolikeli-
hood function in the case of non-Markovian processes.

To the best of our knowledge, we present here the
first maximum-likelihood inference approach for non-
Markovian inertial processes. It differs from previous
studies in its first principle derivation and the absence of
a Markovian embedding. We derive explicit formulas for
the parameter estimators and test our approach on synthetic
data in a variety of models, including nonlinear forces,
multiplicative noise, and many-body interactions. Results
show that the method is accurate and robust, providing an
important tool in the analysis and understanding of real
systems. The paper is organized in the following way: In
Sec. II, we formalize the problem and discuss in detail how

to build an appropriate dynamical inference strategy for
inertial systems with linear dissipation. We explain the
interplay between the order of convergence of discretized
SDEs obtained from Taylor-Itd expansions and the con-
sistency of the corresponding max-likelihood parameter
estimators. We show that to get accurate results the simplest
Euler-like schemes, which work well with first-order dyna-
mics, are insufficient, so that one needs to go to the next
order of approximation. Theoretical predictions are com-
pared with numerical data to consolidate our results.
Section III introduces non-Bayesian inference schemes,
while in Sec. IV we discuss the problem of eliminating the
initial velocity. In Sec. V, we address the case of a strongly
interacting system: The inference procedure is applied to
synthetic data obeying the inertial spin model, a model of
self-propelled particles that describes the phenomenology
of natural flocks of birds [6]. The effect of experimental
measurement noise is discussed in Sec. VI. Finally, in
Sec. VII, we summarize all our results, discuss their
conceptual relevance, and outline their potential for appli-
cations to real data.

II. MAXIMUM-LIKELIHOOD INFERENCE
APPROACH FOR LANGEVIN DYNAMICS

A. Problem definition

Let us assume that the available experimental data are
sequences of points (xg, X1, ..., x; ) uniformly separated in
time by At and that the underlying dynamics is described
by the complete Langevin equation of the form

¥ =-nx+ f(x) + o&, (1)

where f(x) = —V'(x) is a conservative force, 6> = 2T,
and ¢ is a standard white noise: (&) =0, (£(r)&(¢)) =
5(r —¢'). Without a lack of generality, the inertial mass is
set to 1. Since the noise is additive, it is unnecessary to
distinguish between Itd and Stratonovich integration.

Let us call A4 the irreducible set of parameters that enter in
Eq. (1), namely, the effective damping coefficient #, the
effective temperature 7', and the parameters entering in the
definition of the potential V(x). The aim of dynamical
statistical inference is to provide an estimate of their values.
Following a Bayesian approach, the posterior distribution
of parameters given the data reads

PA{(x0, -, x2)}) & P({(x0, ..., x.)*}A)p(A), (2)

where each Greek index labels a different experimental
sample. By choosing a uniform prior p(4), the maximum of
Eq. (2) corresponds to the maximum-likelihood estimator.
The conceptual and technical difficulty of the whole
inference problem is then only about finding a tractable
expression for the dynamical likelihood.

The theory of stochastic processes provides us with an
explicit but formal expression for the transition probability
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Plx(1)|x(0), x(0)], involving, in general, integro-differential
operators. A closed form solution for the stochastic process
may be generally unknown or complicated [28], especially
for many-body or off-equilibrium systems, but finely time-
resolved data may be available. What we look for is then
an (eventually approximated) expression for the probability
of the discrete trajectory, for which a practical connection
with the data can be established.

A first general strategy is the following:

(1) As a preliminary step, Eq. (1) can be conveniently

rewritten as a set of two first-order equations:

v = —nv + f(x) + €. (3)

(2) Since the dynamics is Markovian when parame-
trized by the vector variable q = (x, v), the proba-
bility of a discrete trajectory in this space, given the
initial condition qq = (xg, vy), can be split into a
product of propagators:

X =,

P(az.....qilqo) = [ P(aulqu-r)-  (4)

n=1

(3) Following Ref. [30], one can exploit any update
rule based on a Taylor-Itd expansion to approximate,
within a certain order of accuracy, the propagator
over a small time interval Az:

P(qn|qn—1) = P(k)(qnlqn—l) + O(Atk)' (5)

Equation (5) can be replaced into Eq. (4) to get an
approximated expression for the probability density
of the sequence of points in phase space:

L
Pio(ar. - qilao) = [ [ P (@ula-1) + o(AF).

(6)

(4) Marginalizing over the velocitylike degrees of
freedom, one gets a probability distribution depend-
ing on the x’s only. This projection operation on
the subspace of x variables is where the original
Markovian property of Eq. (4) is generally lost. A
crucial remark, beyond the non-Markovian nature of
the resulting dynamics, is that this procedure does
not simply consist of removing the intermediate
variables vy, ..., v, but also of eliminating the initial
condition v,. This elimination is at the same time a
further technical difficulty and a fundamental con-
ceptual issue in the context of stochastic dynamics.
We refer to Sec. IV for a broader discussion.

When this strategy is adopted, the first thing we need is

then a discrete integration scheme for Eq. (1) or (3).
Although the naive intuition is that any convergent—even
if slowly—discretization scheme should work for small
At, in fact, the order of approximation of the temporal

discretization is able to affect the mathematical properties
of the discrete path integral measure and, consequently, the
correctness of estimators obtained through a maximum-
likelihood inference procedure [26,30].

Alternatively, one can follow a second strategy, summa-
rized as “first marginalize, then discretize,” in contrast to
the “first discretize, then marginalize” strategy discussed
above. The starting point is here the generalized Langevin
equation (GLE) corresponding to the desired process
[Eq. (1)], which can be obtained adopting the Mori-
Zwanzig formalism [8] (see the Appendix A):

f = pge " + A CdsK(1—$)f(x(s)) +C(0).  (T)

In this equation, K(¢) = e, and the effective noise is
given by {(t) = [ dse™=9)&(s). This formalism shows
that, when projected from the full phase space into the x
space, the dynamics acquires a memory, described by a
friction kernel K () and color in the noise. We note that the
relation ({(7)¢(¢')) x K(|t —7|) holds asymptotically in
the limit of an infinitely long trajectory, and it reduces to the
second fluctuation dissipation theorem when f(x) is linear.
Discrete update equations can now be obtained by inte-
grating Eq. (7) on Ar intervals and self-consistently
removing v,. We notice that, for arbitrary forces f(x),
the corresponding term cannot be exactly integrated, and it
needs to be approximated at small Af. The fact that the
derivative of the measured coordinate—position x—enters
parametrically through v, in the GLE stems from the
second-order nature of the process. Its elimination, which is
necessary to retrieve a stochastic difference equation where
only the x variable appears, is connected to the problem
anticipated in point 4 of the procedure outlined above.

The two strategies must be equivalent: The order of the
discretization and marginalization operations should be
exchangeable. In the following section, we show how the
simplest inference schemes derived from Euler-like dis-
cretizations of Eq. (3) do not satisfy this requirement,
whereas higher-order discretization schemes, strongly con-
vergent as at least O(A#*/?), retrieve correct maximum-
likelihood estimators.

B. Failure of naive inference schemes

Discrete integration approaches for SDEs are well
known in the literature in connection to numerical compu-
tation methods (see, e.g., Ref. [31]). Here, we summarize
how the order of approximation of these discretization
schemes interferes with the non-Markovian character of the
observed dynamics. Because of this fact, standard claims
about the convergence of the adopted integrators are not
generally valid in cases when only a projection of the
original Markovian process is observed. Rigorous results
can be found in Ref. [26]. We are mainly interested in, from
an application point of view, the bias that this fact
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introduces in naive inference approaches and possible
correction strategies.

Let us start then with the simplest possible construction,
i.e., the Euler-Maruyama scheme applied to Eq. (1) (in this
case, corresponding to the Milstein scheme) [31]. The
discrete update equations for the Markov process read

Xntl = Xn = Atvm

Vpit — Uy = —NAty, — Atf(x,) + cAt?r,,  (8)

with r, independent identically distributed (IID) random
variables of normal distribution N(0, 1), for n =0, ...,
L — 1. We recall that the first neglected terms in Eq. (8) are
O(A#3/?). The scheme provides then a deterministic update
for the x variables, which manifests itself through ¢ func-
tions; a simple change of variables from r, to v, imme-
diately completes the derivation of the discrete propagator in
(x, v) space. Finally, in this case, one can explicitly margi-
nalize over the velocity degrees of freedom and eliminate the
initial condition v,. Indeed, to this order of approximation,
information on v, is fully equivalent to information on x;.
From this marginalization, a fully factorized probability
distribution for the discrete sequence is obtained:

L-1
P(l)(va e Xa|Xg, X)) = HP(I)(xn+l|xnvxn—l)7 )

n=1
where transition probabilities are defined as follows:

1

Py (Xpg1|Xn, X0m1) = Z—ne_s"(x”“’x”'x”")v (10)
with
L, T,w}) 1
L-1 2 262AP

Z, =\ 2nc* AP, (11)

Sn = 22AL X1 = 22, + X,

+ nAt(xn - xn—l) - Atzf(xn)]2' (12)

A factorization of P(x;, ..., x,|x|, xg) into a product of
transition probabilities of this kind is possible because the
random variables appearing in the x difference equation,
obtained from Eq. (8) through variable elimination, are
independent. This fact is a crucial but artificial feature
occurring only at this level of approximation: More
accurate discretization procedures produce an effective
noise for the x variables which is correlated in time. As
a matter of fact, when the description of a Brownian motion
is contracted from the full phase space to position space, a
colored noise emerges, which is incompatible with the
independence of subsequent random variables at any At.

Nonetheless, we find it useful to compute the associated
dynamical likelihood, as defined in Eq. (2), and develop the
corresponding inference scheme. For the sake of clarity, we
focus on the example of the harmonic oscillator, where
f(x) = —w}x. Using Egs. (10)~(12), an expression for the
likelihood as a product of transition probabilities for a
second-order master equation is recovered. This result
corresponds to the discrete path probability one would
obtain adopting a maximum caliber approach [15] when
certain time-dependent observables are taken as fixed. For
the one-dimensional harmonic oscillator, they are the
equal-time correlations, one-time-step correlations, and
two-time-step correlations of the process. Indeed, rearrang-
ing the sum of §,’s in Eq. (9), the reduced minus-log-
likelihood can be written as

1
=-In(276°AP) + —5— [C, + (2 — At + W Ar?)*C, + (1 —nAr)>CY + 2(1 — nAr)F,

—2(2 = nAt + @RAP)G, — 2(1 — nAl)(2 — nAt + w2 AR)GY), (13)

where we introduce the following notation for the exper-
imental temporal correlation functions, evaluated at a time
distance of 0, At, and 2At:

1 L=t 1 L=t
G = m;xnxn; C; = m;xn+1xn+l;

L—1
1
s = XnXn+1s

C”:—1 Lz_ix X1
K L_ln:l n—14n—1» L_ln:1

s — 7 1 XnXn—15 s — 7 1 Xn—1Xn+1-
L—-1 “— L-1 —

Minimization of the quantity in Eq. (13) with respect
to n, T, and a)% yields the inference formulas for the

parameters of the harmonic oscillator. We express here
only the estimator of the damping coefficient #, while the
remaining ones can be found in Appendix B 1:

1 2C,— G, ~- G, - % (2G, - C! - F)

_ a
- (CI=G.)?
At C,+C) - 26, - %5

n* (14)

At this point, having an explicit inference method, it can
be both numerically and analytically tested. We simulate
discrete trajectories of the stochastic harmonic oscillator in
several damping conditions using an exact integrator [32],
with a numerical time step 7™ = 0.005. We apply infer-
ence formulas to discrete datasets sampled from synthetic
trajectories at time intervals Az > 7%™, This choice mimics
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FIG. 1. Inference results for the stochastic harmonic oscillator. Sample trajectories are obtained from exact numerical integration of the
set of first-order equations with parameters 7°™, @%™, and 7*™. The simulation time step 75™ is always equal to 0.005, and it
corresponds to the minimum displayed value of At in (a). Points at higher values of Az are obtained by applying the inference procedure
to subtrajectories extracted from the original one. Each of the points displayed in (b)—(d) is obtained as a weighted average of the
inference results for different Az values in the range where the small A7 approximation is valid. Weights correspond to the squared
inverse of the error bars, displayed in (a) for the # parameter. We compare the accuracy of all the schemes derived in Appendix B from a
first-order Taylor-Ito expansion (Euler-fwd, Euler-bkd, and BBK) and from a second-order expansion (Toeplitz and non-Bayes).
(a) Inferred values for the damping coefficient of the harmonic oscillator, 7*. Averages over ten sample trajectories of 5000 points (for
any Ar) are reported with their 0.95 CI. Simulation parameters: T = 1, w, = 1, and = 3. (b) Inferred damping coefficient #* vs true
simulation parameter #°™: Results from higher-order methods follow the line of slope 1, whereas numerical results from naive methods
fall on the line of slope 2/3. The remaining parameters are fixed: T = 1 and @y = 1. (c) Inferred squared frequency of the harmonic
oscillator w3* vs true simulation parameter w3*™. All the schemes give correct results in this case in the whole explored range of values.
Simulation parameters: 7 = 3 and T = 1. (d) Inferred temperature T* vs the true value of the simulation parameter 75™: Again, results
from all schemes fall on the line of slope 1 in the whole explored range of values. Remaining simulation parameters: # = 1.5 and J = 1.

real experiments, where the time resolution is fixed by the
acquisition apparatus, while the true microscopic timescale
of the dynamics is unknown. Filtering the synthetic trajec-
tories in time is a good blind inspection tool to check
the robustness of the continuous description given by the
inferred parameters, without prior knowledge about the
timescales of the process. Moreover, this test on numerical
simulations can help us identify the time window in which
any dynamical inference scheme is expected to work: In
discretizing the equations of motion, the implicit assumption
is that A7 must be much smaller than the typical timescales

of the process (77! and wy! in this example).

Results, reported in Fig. 1, show that a systematic error
in the estimation of the damping coefficient emerges, which
can be cast into a constant rescaling factor close to 2/3 for
the inferred value #* as compared to the true value 5™, It is
worth remarking that this rescaling is independent of At, as
clearly visible in Fig. 1(a), so increasing the resolution of
the acquisition instruments is of no help in improving the
estimation of the damping coefficient. The same problem
also occurs when using other variants of the EM scheme
obtained from a Taylor-Itd expansion of the same order,
as we illustrate in Appendix B 1. On the contrary, the
estimation of the remaining parameters is in agreement
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with the parameter values used in the simulations, as shown
in Figs. 1(c)-1(d).

Numerical evidence for the stochastic harmonic oscil-
lator agrees with the results of Refs. [12,14], who point out,
in a non-Bayesian framework, the failure of the same naive
embedding strategy for second-order SDEs. We stress that
the EM discretization is the simplest and most commonly
used extrapolation of the derivative of an observed variable
from its finite increment. This approximated estimation
of the velocity works if one observes the system in the
overdamped regime, i.e., when nAt > 1 and wy/n < oo,
and the effective dynamics can be described by a first-order
equation. In this case, EM-based inference schemes provide
in effect excellent results [21,22]. However, when a non-
Markovian signal is observed, such as the partial observa-
tion of a higher-dimensional Markovian process, these
schemes are bound to fail.

A simple argument can help us to understand what is
missing and why the parameter 7 is the one affected by the
approximation. Assuming that experimental averages per-
fectly reproduce ensemble averages, we can replace into
Eq. (14) the known analytical expression for the self-
correlation of the harmonic oscillator in the stationary
regime C(0), C(At), and C(2At). Since the underlying
assumption of the whole procedure is that the time lag At
between subsequent points is small, compared to the typical
timescales of the dynamics, we can perform a Taylor
expansion around ¢ = 0, obtaining from Eq. (14) an expres-
sion for #* depending only on the derivatives of C(z) at
t=0:

)At3
C(0)Ar*Ar
(15)

Knowing explicitly C(¢) for the harmonic oscillator [also
reported in Appendix B 1, Eq. (B18)], one can compute the
desired derivatives:

1 2€(0)

T = 8026(0) + C(0)Ar 1 -

~2C(0)A - <g>( 0
o [C(0) +3

T

27
Wy

C(0) = C(0)=0; C(0)=-T; C(0)=nT. (16)
Proper combinations of these quantities allow us to
extrapolate all the parameters of the model. The importance
of the first derivative as a quantity to discriminate between
first- and second-order dynamics in oscillatorlike models
is stressed in Refs. [33,34], with explicit reference to
complex interacting systems. Our point is that we can
go beyond the binary answer provided by C(0)/C(0),
proportional—through a timescale factor—to 1 or to 0 for
first- or second-order dynamics, respectively, and give a
quantitative estimation of the damping regime in which a
system operates, employing all the derivatives at t = 0 up
to the third one.

By replacing Egs. (16) into Eq. (15), we obtain

=20 oo

2
3E0) =Zn+o(An.  (17)

3

We find then, at the leading order, a rescaling factor of 2/3,
as observed in numerical tests. No rescaling factors appear
for the other inferred parameters: Performing the same
replacement and expansion of the analytical correlation
functions in the inference formulas of 7 and @, we see that
the temperature and pulsation are correctly retrieved from
proper combinations of C(0) and C(0).

This result gives us a clue to understand the origin of the
At-independent rescaling factor for 5. Looking back at
Eq. (8), one realizes from simple dimensional analysis that
the elimination of the velocity variables makes O(A#%/?)
terms appear, even if the starting accuracy of the expansion
is O(At). This inconsistency means that Eq. (13) has been
derived retaining only some of the O(A#*/?) contributions;
in turn, the neglected ones produce missing O(Af})
contributions to the fluctuations of x. This fact explains
why Eq. (14) is incorrect and shows the need of higher-
order discretization schemes for stochastic second-order
dynamics.

We finally remark that this 2/3 rescaling factor is not a
specific feature of the stochastic harmonic oscillator but a
recurrent trait in stochastic models of the form of Eq. (1).
As rigorously proven by Gloter, the so-called quadratic
variation of the discretized velocities (corresponding to an
empirical estimate of the squared acceleration) uniformly
converges to the expected value for the quadratic variation
of the real unobserved velocities rescaled by 2/3 [26].
These quadratic variations are O(A#*), and the former one
is the only directly measurable quantity containing the
necessary dynamical information to disentangle the con-
tribution of dissipation from diffusion and infer # in our
setting [35].

C. Higher-order inference schemes

The lowest order of convergence required to develop
any reasonable dynamical maximum-likelihood scheme
is O(Af*/?). Since the mean square convergence of the
infinitesimal increment of the process is what determines its
statistical properties at any time, the minimum requirement
for an inference method exploiting only local dynamical
information is to reproduce fluctuations correctly at the
leading order in At.

Independently of the details of the discretization,
following the procedure outlined in Sec. II A, with
O(Ar?/?) accuracy, one reduces to a sequence of inter-
twined Gaussian integrals for the marginalization of
v1...vr, which may be cumbersome to compute for an
arbitrary length of the trajectory. Therefore, it is convenient
to work again with update equations in x space. They can
be obtained either from a temporal discretization of the
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GLE (7) or from the elimination of the velocity variables in
the discrete-time equations resulting from a second-order
Taylor-1t6 expansion of the Markov process in Eq. (3). In
the first case, since the same exponentially decaying kernel
propagates both the noise and the initial condition in
Eq. (7), it is possible to manipulate the integrated GLE
to find a stochastic difference equation that does not contain
vo and is driven by a short correlated effective noise:

xrz+l — X, — e—r]At(x” - xn—l)

_ 1‘7 / =G0 G (19

where

{ = / " 1)) (19)

deell i —Ar<t<O;
‘P(t) = 1 —enli—A1) . (20)
—= if 0 <t <Atz

l—e

Correspondingly, the first discretize, then marginalize strat-
egy provides a stochastic difference equation with the same
properties. We detail both procedures in Appendix A.

L-1

Concentrating on the case of the stochastic harmonic
oscillator, any consistent discrete-time description in x
space takes the form of a linear stochastic difference
equation like

Xpp1 T OX, +ﬁxn—l = Cn’ (21)

where the inhomogeneous terms {, are still Gaussian
random variables of null mean, but they are no longer
independent. This feature is the crucial difference with the
Euler-Maruyama scheme, which takes into account only
the diagonal entries of the covariance matrix C,, =

{€alm)-

Equation (21) defines an affine map:

&= (G Crm) T X = (00, xp) T = M7+ x,

(22)

where M;; = 6;; + ad; ;.1 + p6; ;o and X, = (xg. X1,
o,..., O)T, which can be generalized to a nonlinear trans-
formation when anharmonic forces are present. This map
can be exploited, when the covariance matrix C and its
inverse are known, to write the new, higher-order, dynami-
cal likelihood. For the harmonic oscillator, it reads

1 1
P(Z) (xL’ ...,XZ|)C1,X0) = Eexp__ Z (anrl + ax, +ﬂxn—l)c_1nm('xm+l + ax,, +ﬁxm—l)? (23)

2

n,m=1

where Z is the normalization constant:
L—1 1/2
Z = [(27)t""det C]'/? = [H 2m] . (29)
k=1

with 4, the kth eigenvalue of the covariance matrix C. The
effective parameters @ and f, as well as the entries of the
covariance matrix, are known combinations of the param-
eters of the model, whose details depend on the adopted
discretization scheme. In the following results, we adopt
a=—1—e" 4+ wfA1(1 — )/ and f = 7M.

For well-chosen a, g, and C,,,, Eqgs. (21) and (23) are
exact, in the limit L — oo. Thanks to linearity, it is possible
to design an exact integration algorithm for the Markov
process (3) at any time-step increment Az [32]. For non-
linear generalizations of f(x), the exact Gaussian character
of the random increment is lost. However, at leading order
in At, a multivariate Gaussian distribution still represents a
good approximation for the distribution of the random
increments {, appearing in the x update equation, which
takes the form

Xnt1 + F(xn’xn—l;”) = gn? (25)

with g a set of effective parameters. The correspon-
ding generalization of Eq. (23) can be obtained (see
Appendix B 2).

To the order A7, for both linear and nonlinear second-
order processes, one can deduce from Eq. (19) that C has a
“nearest-neighbor” structure of the kind

Cnm = <§né’m> = aén.m + bén,milv (26)

where

2 1
a :§2T17At3; b :EZTWAP. (27)

Hence, the covariance matrix has the form of a symmetric
(L —1) x (L — 1) tridiagonal Toeplitz matrix. These math-
ematical features carry a deep physical meaning: First of
all, the presence of nonvanishing off-diagonal elements is
the signature of a colored noise. Second, the fact that the
matrix is banded means that the correlation of the noise
variables is short ranged, i.e., that the associated memory
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kernel, in a continuous-time description, decays fast [9].
Finally, the Toeplitz structure is synonymous with shift
invariance.

A more careful derivation of the update equations in x
space would require shift invariance not to hold and the first
entry of the covariance matrix Cy; to be different from the
other elements of the main diagonal. Equation (21) is, in
fact, not valid for the first integration step, where the initial
conditions intervene. In this respect, the structure of the
data also poses the problem of the elimination of the initial
condition v, in favor of x; and x;. Even if not able to
perform it explicitly without stationarity assumptions, we
can argue (see Appendix A) that it has the effect of
modifying the covariance matrix in the following way:

i b 0
b
c— “ : (28)
b
o --.. b a

where the shift invariance expressed by the Toeplitz
structure of Eq. (26) is then broken at the beginning of
the time series. Despite that, the error we make by replacing
a with a in the quasi-Toeplitz matrix (28) is negligible in
the limit of long trajectories, as discussed in Sec. IV and
checked in Fig. 4. Intuitively, since the breaking of the shift
invariance occurs only at the first step, the longer the
trajectory, the more similar this is to a truly shift invariant
situation. Notice that what matters is not the total length
(L 4+ 1)At of the trajectory in units of the physical time
scales of the process, but just the number of points L + 1 of
which the trajectory is made up [36].

Apart from the difficulty in determining correctly a,
the advantage of replacing the true covariance matrix
Eq. (28) with a Toeplitz matrix is that the inverse of the
Toeplitz matrix is explicitly known, as well as the eigen-
values [37,38]:

2 L= 1sm "k” ) sin mkz
B xu x HCH)
L a—|—2bcos F)
k
Ay = a+2bcos (f) (30)

Let us highlight that the inverse of the covariance matrix
does not preserve a banded structure, meaning that, even if
noise correlations are local in time, two-time functions of
every pair of points of the trajectory enter into the minus-
log-likelihood. Hence, Eq. (23) cannot be factorized.
Factorization corresponds to a block structure for C~!,
which implies a block structure for C. This property is
incompatible with the tridiagonal Toeplitz or quasi-Toeplitz

nature of the covariance matrix, where off-diagonal ele-
ments are of the same order as the diagonal ones.

Nonetheless, having built an explicit discrete path
integral measure, a maximum-likelihood approach is prac-
ticable, and it reduces to minimizing the quantity £ =
—InP(xg, ..., x5|x1, x9) with respect to the parameters of
the model. Thanks to the regularities of Eq. (23), the
minimization of £ can be performed analytically in the case
of the harmonic oscillator and, in general, of simple single-
particle systems. The optimization procedure can be
performed semianalytically also for many-particle systems,
like active agent-based microscopic models or spatially
discrete counterparts of field theoretical models. In these
cases, an additional parameter is typically the interaction
range of effective pairwise potentials, which may depend
on a different (measurable) variable than the fieldlike
observable x. In general, once an expression for L is
given, a large number of optimization algorithms are
available to minimize it with respect to all the extra
parameters that do not allow for a full analytical approach.

Complete inference formulas for one-dimensional har-
monic and anharmonic oscillators and for a system of many
coupled harmonic oscillators with a parameter-dependent
connectivity matrix are reported in Appendixes B 2 and B 3.
In all cases, optimal parameter values are given by combi-
nations of all the two-time functions up to the length of the
trajectory and not only those computed at a temporal
distance of zero, one, and two time steps.

For the noninteracting case, we test the developed
schemes numerically by applying the inference formulas
to synthetic stochastic trajectories of two reference proc-
esses: the Brownian motion in a harmonic potential and the
Brownian motion in a symmetric anharmonic potential
V(x) = Lkx? + 1 Ax*. The equations of motion correspond-
ing to the latter read

X =0, b= —nv —kx — x> + 6, (31)

where we choose a unitary mass particle, 6> = 2T, and (1)
as a white noise. We generate synthetic trajectories as in
Ref. [39] and subsample them by progressively increasing
the time separation Af between subsequent observed points.

The comparison with naive inference schemes for the
example of the harmonic oscillator confirms the analytical
predictions (Fig. 1). In any damping regime, the higher-
order inference method outperforms the naive scheme in
two ways: perturbatively, since the convergence of the
parameter estimators is extended to a larger A window due
to the higher-order Taylor-Itd expansion [an example in
Fig. 1(a)], and nonperturbatively in Az, since no rescaling
factor for the » parameter is required [Fig. 1(b)]. The
different behavior of the various schemes at large Az, where
the series expansion is nonasymptotic, is probably related
to the details of the discretization rules and their stability
properties.
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FIG. 2. Bayesian inference of the dynamical parameters of a Brownian motion in a force field f(x)= V'(x), with
V(x) = %kx2 + %ﬂx“. Only the Toeplitz method is applied; as for the harmonic oscillator, in (a)-(d) and (f), ten sample trajectories
of length 5000 points are considered for each Ar. Error bars are 0.95 CIL (a)—(c) Inferred model parameters against subsampling
parameter At. The true value is equal to 1 in all cases and is marked by the straight gray line. (d) Inferred vs true value of the nonlinear
coefficient A. (e) Excerpts of sample trajectories in various landscapes. The strength of the confining potential is qualitatively indicated
by the color map, with light areas corresponding to the minimum of the potential. The following parameters of the simulation are kept
fixed: T =1, n =1, and 1 = 1. By varying the parameter k, we realize, from top to bottom, a strong confinement in a double-well
potential, with long exit times, at k = —5; a switching dynamics with relatively short switching times, at k = —2; a marginal situation at
k = 0; and confined Brownian motion in the vicinity of the origin at positive values of k (k = 5). (f) Inferred vs true value of the
parameter of the linear force k, assuming both positive and negative values. (g) Histogram of counts for the relative distance of the
inferred parameter k* to the simulation parameter %™, With fixed 2™ = 1 and k¥™ = {2, —5}, the weight of anharmonicity varies, but
the variance of all the estimated parameters seems to be unaffected. As a result, relative errors decrease for larger |k|. 100 trajectories are
sampled for each k value shown in the histogram, and Az = 0.025 in all cases.

Figure 2 shows numerical results based on the Toeplitz
inference scheme for the anharmonic stochastic oscillator
for varying values of the parameters 2™ [Figs. 2(a)-2(d)]
and k™ [Figs. 2(e)-2(g)]. In all the explored regimes, the
inference scheme provides excellent results, showing, in par-
ticular, that no bias is introduced by the possible imbalance
between linear and nonlinear force terms [values close to
the origin are correctly estimated in Figs. 2(d) and 2(f)], even
if, for a fixed At, an increase in the relative error or more
noisy estimations cannot be prevented in these conditions
[Fig. 2(g)]. Moreover, no bias is introduced by the fact that,
when k assumes a negative value, the particle may be

with £(7) a standard white noise and initial conditions
x(0) = xg, x(0) = vy. This model has two features: linear
dissipation and a velocity-independent diffusion coefficient
proportional only to ¢*(x). Under these conditions, the
memory kernel of the GLE associated to Eq. (32) is
explicitly known, and, following the same procedure that
leads to the discretization of the additive process in Sec. II C,
we obtain an approximated discrete-time update rule of the
form

Xnt1l —Xp — e_r’A[(xn - xn—l) -

confined in a single minimum of the double-well potential (33)
for all the length of the sampled trajectory [see Fig. 2(e)].
where the stochastic term is defined as
D. Generalization to multiplicative noise 1 — e~ [o,
In order to understand the limits and full potential of the Cn = 7 [ di'¥(t' —1,)o(x(1))&(r).  (34)

method, we focus in this section on possible generalizations
to the case of nonadditive noise. An adaptation of our non-
Markovian Bayesian inference scheme can be developed
for the following class of multiplicative processes:

¥=-nx+ f(x) +o(x)¢&, (32)

The function ¥(¢) is defined in the same way as in Eq. (20).

The approximation of the force term in Eq. (33) corre-
sponds to that of the Langevin impulse integrator [40].
Alternative numerical integration schemes for GLEs, such
as the stochastic Verlet algorithm [41], can also be used.
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FIG. 3.
o(x) = Via + bx*. (a) The fraction of time spent by the system in each region of the phase space for a sample trajectory of length
4x10%, with k=1, =1, a=1, b= 1, and initial condition (xg = 0,99 = 0). There is a clear difference with the Gaussian
distribution having the same second moment (red line), showing the effect of the multiplicative noise. (b) Analytically optimized
negative log-likelihood as a function of the effective parameter @ = a/b, computed on a sample subtrajectory of 5000 points,
At = 0.016, with the same parameters as in (a). In the inset, optimal values of « as a function of At are reported. Error bars correspond to
0.95 CI on ten sample trajectories of 5000 points for each At. The color code refers to the value of @™, measuring the relative
contribution of additive and multiplicative part of the noise term. (c) Performance of the method in inferring the whole set of parameters

Inference method applied to a multiplicative process. The process is described by Eq. (32) with f(x) = —kx and

of the model.

From now on, we implicitly refer to the Itd integration
prescription. However, due to the fact that o(x) depends
only on the configurational degree of freedom x, the mean
square convergence of {, is not affected by a switch to the
Stratonovich convention. As a result, one can say that, up to
O(A#r), stochastic terms satisfy

1
At362 (xn>5n.m =+ 6 At36(xn)o-(xm)5n.m:tl' (35)

[SSEIN )

<an.:m> =

L-1

1 L-1
L= EZIHﬂk(X;V) + Z [xn+l + F(xn’xn—l;”)]c_]nm(X;V)[merl + F(xm’xm—l;”)]’
k=1 n

m=1

so that we can distinguish between the subset of parameters
M, including # and the parameters of the conservative
potential, and the subset v appearing in the x-dependent
diffusion coefficient o(x;v). For the parameters in the
former set, analytical formulas for their max-likelihood
estimators can be found as functions of v, while the latter
generally requires numerical optimization [unless o(x;v) is
univariate and has a purely multiplicative dependence on
its single parameter]. The effective cost function can be
evaluated, also in the case of long trajectories, once the
inverse and the spectrum of the symmetric tridiagonal
matrix are computed.

To illustrate the method, we apply it to the multiplicative
process in Eq. (32), with f(x) = —kx and ¢(x) = Va + bx?,
where a and b are non-negative parameters. In this case,
the max-likelihood procedure can be reduced to a one-
dimensional numerical optimization. Complete inference
formulas are reported in Appendix B 4, and the results are

This choice of off-diagonal terms ensures the positiveness
of the matrix, if 6(x) > 0 [42]. The covariance matrix also
preserves a tridiagonal symmetric structure. However, the
Toeplitz property is lost, since, in the presence of multi-
plicative noise, shift invariance cannot hold. Nevertheless,
we can build an efficient maximum-likelihood inference
routine. Let us rewrite the minus-log-likelihood associated
to Eq. (33) as

(36)

f

shown in Fig. 3. These results confirm that the method
provides a reliable inference tool also in the case of a
nonequilibrium multiplicative process, independently of
the relative strength of the additive and multiplicative
contributions to the noise term, and that the procedure
does not require equilibrium assumptions to work, nor does
it exploit the fluctuation dissipation theorem.

III. ALTERNATIVE NON-BAYESIAN APPROACH

Alternative inference approaches to the maximum-like-
lihood method are also possible. Several examples are
known in the literature: The most general ones, applicable
to a vast class of second-order stochastic processes, derive
the parameters of the assumed model (in the form of a SDE
or of a chosen set of projection functions) through a fitting
procedure on measurable quantities, typically involving
conditional moments of the increments of the process
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[11-14]. Even in this case, the method is local: The relations
used for fitting can be found through a Taylor-Itd expansion
even when a nonlocal solution in time is unknown. Other
strategies have been proposed with a reformulation of the
task—having relevant applications in chemical physics and
molecular dynamics—i.e., not to learn the best model for the
measured variables but to find from higher-dimensional data
the coarse-grained dynamics of a given system [43,44].

In this section, we put ourselves in a simpler framework
than that of Refs. [11-13] and derive non-Bayesian
parameter estimators just for the stochastic harmonic
oscillator, in order to compare on this example the non-
Bayesian methodology and our maximum-likelihood
dynamical inference scheme. From update equations in
position space like Eq. (21), obtained from an O(Ar/?)
Taylor-Itd expansion, some relations between experimental
correlation functions and model parameters can be found.
Let us take the update equation of the Langevin impulse
integrator [40]:

A -,
Xn+1 = Xp + e t(xn - xn—l) + wOAtxn + Cn

(37)

with ¢, the Gaussian random variables characterized by
Eq. (26). Multiplying both sides of Eq. (37) by x,, for
mée{n—1,n,n+1}, and self-consistently averaging
over the noise distribution yields a set of three independent
equations, from which all the parameters of the dynamical
model can be extracted (explicit formulas are derived in
Appendix B 5).

Notice that, in contrast to the max-likelihood inference
method, the obtained relations can involve only three types
of temporal correlation functions: equal-time, one-time-
step, and two-time-step correlations. Even if we are not
using all the exploitable information carried by an N-point
trajectory (the operation outlined above could, in principle,
be performed for all x,,), this one is the optimal minimal
choice. Indeed, the shape of the temporal correlation
function at small times contains substantial dynamical
information. Moreover, due to the finite length of the
trajectories, two-time quantities, like correlation functions,
are typically better estimated at small time differences than
at large ones.

As expected, parameter estimators provide good values
without rescaling. Unfortunately, however, we cannot
extend this approach to interacting systems, where an
interaction range is needed to parametrize the potential.
As these formulas do not come from the optimization of
any cost function, there is no efficient numerical strategy to
find the best parameters of the interaction potential. The
problem is bypassed if no assumption is made about the
structure of the interaction, and a different parameter is
associated to each element pair in the system. In this
framework, however, severe overfitting issues may emerge

as well as numerical scaling problems, since the number of
parameters grows roughly quadratically with the system
size. We remark that this scaling curse does not afflict all
non-Bayesian inference methods [11] but only the simple
one used here to compare its results with our Bayesian
scheme.

Finally, it is important to specify the probability density
function with respect to which we are taking the averages in
Eq. (37). Since, in order to compute (x,&,) and (x,&,), we
self-consistently use the same update rule and the same shift-
invariant noise statistics, we argue that we implicitly intro-
duce a stationarity assumption, overcoming the problem
anticipated in Sec. II A and better discussed in Sec. IV. As a
result, the inference formulas obtained in this way do not
require any rescaling factor, for any length of the trajectory.

IV. ROLE OF THE UNOBSERVED
INITIAL CONDITION

Once colored noise is included to take into account the
non-Markovian character of the partially observed process,
the remaining problem in the application of the Bayesian
methodology to second-order stochastic models lies in the
elimination of the unobserved initial condition. To explain
this problem, let us take a step back.

In a maximum-likelihood setting, the first task is to
calculate the probability of observing a given sequence of
data points, knowing the parameters of the model A. In first-
order stochastic processes, when all the degrees of freedom
allowing for a Markovian description of the dynamics are
experimentally accessible, there is no ambiguity on how
this likelihood should be computed (see, for example,
Ref. [21]). On the other hand, for second-order stochastic
processes, the inference problem may turn out to be ill
defined. For a first-order model

y=90)+¢ (38)

with initial condition y(0) = y,, the propagator is defined
as P(yr, ..., y1|A; o). Here, yo represents quantities that do
not change in the inference procedure and the same in the
posterior, the likelihood, and the prior: the initial condition
and the structure of the model. We introduce a semicolon to
separate the quantities that are not updated in the inference.
For a second-order stochastic process, the initial condition
is given by the pair x(0) = xo, x(0) = vy, and the propa-
gator is P(xz, ..., x|\, xq, vg). However, unlike x,, the
initial condition on the velocity is not empirically known,
so the propagator does not result in a likelihood of the form
of P(.XL, e X |)\,;X0, Uo).

Let us briefly note that this problem is strictly connected
to the embedding problem in stochastic processes and that
the only consistent way to bypass it is to use the steady state
distribution of vy. Nonetheless, in Sec. II C, we decide to
deal with the initial condition problem in a different way.
First, the choice of the discretization scheme confines the
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FIG. 4. Numerical validation of the finite-size distortion in-
troduced by the shift-invariant approximation. Black points
connected by dashed lines represent the analytical prediction
about the rescaling factor (L + 1) = 5*(L + 1)/p¥™, with
o(L = 3) =2/3 (shortest possible trajectory) and o(L + 1) —
1 monotonically as L — co. Numerical results are in agreement
with this prediction. As expected, no dependence on the trajec-
tory length is found for the non-Bayesian method nor for Euler-
like methods (BBK used here—see Appendix B 1 for details).

initial condition problem only to the first time step,
independently of the total number of data points and the
relation of the decay time of the memory kernel to At.
Neglecting the breaking of shift invariance, we introduce a
Toeplitz approximation for the noise covariance matrix:
This approximation works well for long trajectories (with
many data points), whereas it fails for very short ones. The
convergence is, however, quite fast, as shown in Fig. 4. The
advantage of this strategy is twofold: It is simpler than exact
marginalization and applies even when a steady state
distribution is not available (e.g., in the multiplicative case).

Remarkably, the problem of the elimination of the initial
condition on the first derivative of the observed variable
does not affect the non-Bayesian approach. As a result,
non-Bayesian methods apply even to (multiple) discon-
nected triplets of points or, in general, to disconnected
small sequences, if a fragmented observation of the system
is the only one achievable. On the contrary, the Toeplitz
method is exact only in the infinite trajectory limit, so the
smaller the number of subsequent points, the less accurate
the inference scheme becomes. In other words, what
matters in this case is not only the total number of points
for statistical reasons—which is the only thing to worry
about in all the other developed schemes—but also their
succession in time.

We check this prediction in numerical simulations of the
stochastic harmonic oscillator, keeping constant the total
number of points used in the inference procedure,
(L + 1)ng, and adapting the number of samples ng as
the length L + 1 of the sample trajectories is varied. A
significant deviation of the inferred value from the simu-
lated one is visible in Fig. 4 for small values of L. For small

L, it is also possible to approximately estimate the
distortion introduced by the finite size of the trajectory
under the Toeplitz assumption. Following the same idea
that leads to the prediction of the 2/3 function for the 5
parameter of the harmonic oscillator, one can expand the
two time correlation functions appearing in the Toeplitz
inference formulas for small L, obtaining

_ —iln <1 +o(L + 1)%&) [1+0(an], (39)

from which we deduce that the Az-independent rescaling
factor of the damping coefficient can be identified with
o(L + 1) in Eq. (39). The first few values of these rescaling
factors are ¢(3) =2/3, 0(4) =5/6, o(5)=7/8, and
0(6) = 19/21, in good agreement with numerical results.
The exact value is retrieved only in the L — oo limit, yet
time lapse recordings in common motility observation
experiments are typically composed by a much larger
number of frames than those shown in Fig. 4. Although
we show that the wrong marginalization of the initial
condition can play a role, in practice, this effect can
hopefully be neglected in many situations.

V. INTERACTING CASE

Following our original objective to develop an inference
strategy for natural flocks of birds, we generalize the
inference equations of Sec. II and perform numerical
simulations of the topological inertial spin model (ISM)
on a nonevolving random lattice at low temperature. The
model, introduced to account for experimentally observed
features that could not be explained within the framework
of first-order processes [6,45], represents a second-order
generalization of the well-known Vicsek model. The
stochastic equations of motion in three dimensions read

r; =yv;, Vi=—-V; XS,

. n 1
=TSR D Juvixv) &L (40)
J

where the indexes i,j = 1,..., N label different individ-
uals, v, is the constant modulus of each velocity vector v;,
and §;| is the orthogonal projection to v; of a three-
dimensional white noise of parameters T and #: (& (7) -
& (s)) = 26,,2Tyé(t — s). Motivated by the findings of
Ref. [46], we choose to parametrize the coupling constant
as J;; = Jn;;, where n;; = 1 if bird j is among the first n,
nearest neighbors of bird i, whereas it takes a null value
otherwise.

In the ordered phase, the spin-wave expansion of the
equations of motion of the inertial spin model linearizes the
force terms, and Eq. (40) takes the form of a set of SDEs
for N coupled harmonic oscillators [21]:
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N
){”l:_””l_JZAl]ﬂ]+gtLﬂ l:1,,N (41)
=1

j=

Here, z; are the birds’ normalized velocity fluctuations,
lying on the orthogonal plane to the direction of collective
motion, A;; = n.6;; — n;; is the discrete Laplacian of the
birds’ network, and | is now a two-dimensional white
noise that lives on the same plane as x;. To leading order, it
is described by the parameters 7 and # appearing in
Eq. (40). For a full derivation of the equations of motion
in the spin-wave approximation, see Appendix C. Thanks

to the linearity of Eq. (41), the same inference strategy one
can develop for a system of coupled harmonic oscillators
applies also to the inertial spin model in the highly
polarized phase.

For the sake of simplicity, in our simulations, we
discard the first equation of Eq. (40) and keep the birds’
reciprocal positions fixed. The dynamical maximum-
likelihood approach, however, should work even when
reshuffling birds’ reciprocal positions and static approaches
fail, since at each time step it is possible to reconstruct
the neighborhood of each individual and compute the
associated time-dependent observables [21,22,47]. Birds'
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FIG. 5. [Inference results for the inertial spin model. (a) Inferred values for the effective damping coefficient /y. We notice the
emergence of a 2/3 rescaling factor for naive methods derived from first-order Taylor-Ité expansions. (b) Inferred topological
interaction range from numerical minimization of the reduced minus-log-likelihood, which is properly defined only in the Toeplitz
scheme and in the three lower-order variants of the Euler scheme. (c) Inferred values for the parameter 7/y, as derived from
Eq. (41). One notices a slight divergence from the slope-1 line, which is especially evident at large temperatures. This divergence is
due to the spin-wave approximation (SWA), whose first correction impacts only the temperature parameter and can be explicitly
evaluated, as explained in Appendix C. (d) Inferred values of the interaction strength (J/y)* vs the parameter value used in
simulations, (J/y)%™. All methods retrieve the correct results. We remark that only the parameters in the left panels, n/y and T /y,
can be estimated by the non-Bayesian method. In all the simulations, we take flocks of N = 1000 birds. Additional information
about the choice of the model parameters and numerical methods can be found in Appendix D. Points in (a), (c), and (d) are
obtained as in the case of the harmonic oscillator (see Fig. 1). For the O(At'/?) methods, we consider the different integration
schemes defined in Appendix B 1.
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reshuffling would introduce an effective nonlinearity
which, like in the noninteracting case, is not supposed to
modify the leading Gaussian nature of the propagator at
small At.

We apply and compare different inference strategies to
the synthetic trajectories. Results are in qualitative agree-
ment with those of the harmonic oscillator. In particular,
the expected rescaling factor of 2/3 for the damping
coefficient is retrieved using any EM-like scheme, as
shown in Fig. 5(a). This fact corroborates that the emer-
gence of this 2/3 factor is a universal feature of second-
order stochastic processes, coming from the interplay
between the terms containing second- and first-order time
derivatives, rather than the kind of forces which are applied
to the system. Again, Bayesian and non-Bayesian inference
schemes derived from a higher-order expansion do not
require any rescaling—at least for sufficiently long
trajectories.

As already mentioned, however, there are some relevant
differences with respect to the simple noninteracting case.
First of all, the additional difficulty we must face in the case
of N-body dynamics is that of estimating the interaction
range. Since an explicit analytical minimization of the
minus-log-likelihood is not operable, a numerical approach
is needed. The problem is, however, algorithmically trac-
table, since it simply consists of a one-dimensional opti-
mization problem. Moreover, if the parametrization of the
n;; matrix discussed above is adopted, n. is a discrete
parameter, so the exact minimum value can always be
found [see Fig. 5(b)]. Wrong estimations of the topological
interaction range can be due to a blurred reconstruction of
the likelihood from the data. As the number of birds N or
the number of trajectory points L is increased, the improved
statistics smoothens the rugged reconstructed likelihood,
and the real minimum becomes easier to detect. To this end,
another parameter playing a relevant role is the time lapse
At: When the separation between subsequent data points is
very small compared to the timescales of the system,
increments are also very small. Smaller increments corre-
spond to smaller quantities to minimize, which are then
subject to bigger relative errors. This effect is at the origin
of what we observe in Fig. 5(b).

Once the optimal value of 7, is recovered, it is then used
to compute the spatially structured correlation functions
which enter into the formulas of the remaining parameters.
Non-Bayesian methods are not based on any likelihood
definition and, as a result, do not allow us to infer n..
Despite that, an approximated estimation of the effective
temperature 7'/y and of the damping coefficient /y is still
possible, as shown in Figs. 5(a) and 5(c). On the contrary,
the parameters associated to the interaction potential, n,
and J, are not evaluated within this framework.

Applied to large interacting systems, our non-Markovian
maximum-likelihood method performs well even for rel-
atively short trajectories. Taking, for instance, trajectories

of length L =200 for systems of N = 1000 particles
already enables us to achieve good accuracy, with undis-
tinguishable features in the inference of 5/y and T/y
compared to the non-Bayesian method (see Fig. 5). As
already pointed out, the need for very long trajectories in
the max-likelihood scheme, for both single-particle and
many-particle models, stems from two different facts. First,
the shift-invariance approximation introduced by enforcing
a Toeplitz structure for the noise covariance matrix results
in better performance for longer trajectories. Second, the
empirical reconstruction of two-time correlations, which
are the quantities that enter into inference formulas,
improves when achieved from longer trajectories as com-
pared to shorter ones. In other words, the larger the number
of data points, the higher the amount of available informa-
tion. The advantage of moving from the single oscillator to
the many-body interacting case is that a restricted number
of “local” quantities turn out to dominate and self-average
in sufficiently large systems. So the statistical issue can be
at least partially mitigated by averaging over the sample
size rather than relying only on temporal averages as we are
compelled to do in the case of the harmonic oscillator.

VI. EFFECT OF EXPERIMENTAL ERRORS

So far, we haven't included observation errors in the
developed inference scheme, assuming that stochastic
trajectories are sampled with infinite accuracy. However,
data are typically affected by accuracy limitations and other
sources of experimental errors. In the current section, we
show the effects of an additional source of noise on the
estimation of the model parameters.

The simplest (still realistic, in many practical cases) way
to model experimental errors is through a superposition of
the discretely sampled trajectory with a sequence of 11D
Gaussian random variables \/ (0, 02).

As pointed out by several authors [11,12,14], even when
o? is very small, measurement noise can impact dynamical
inference. A large modification of the high-frequency
region of the power spectrum of reconstructed velocities
is introduced [14], which, in turn, results in a diverging bias
in parameter estimation as At — 0 [12]. This bias and its
trend with Ar appear also in our inference method (see
Fig. 6). Intuitively, the inference procedure relies on the
increments of the measured degree of freedom, Ax, whose
average absolute value has a monotonic dependence on At,
and need to be compared with the amplitude of measure-
ment errors o, which we assume to be independent of the
data acquisition sampling rate. At very high sampling rates,
experimental errors will dominate over the effective
dynamics, resulting into an artificial trend ~A¢~! for the
parameter 5 and ~At~? for the effective temperature and
pulsation of the harmonic oscillator (the same dimensional
analysis argument can be extended to the parameters of the
inertial spin model).
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FIG. 6. Effect of measurement error on some selected parameter estimators for the ISM. In the top row, results from the Toeplitz
inference scheme are reported; in the bottom row, results from the BBK inference scheme are reported. The rescaling of the inverse
sampling rate in the abscissa make the curves in (c)—(f) depart at the same point (At/¢%/> ~ 1) from the expected value in the absence of
experimental errors (1 for the Toeplitz method; 2/3, marked by the red dot-dashed line, for the BBK method). The collapse of the curves
shown in (e) and (f) proves that the control parameter is the ratio between stochastic and experimental noise: TyA#> /6>, The black lines,
having a slope of —3, are a guide for the eye. We notice that, for a large noise-to-signal ratio, the estimate of # with the Toeplitz method
may be problematic, since estimators of positive definite quantities built with noisy data can become negative, as visible in the inset in
(c). We refer to Appendix B 2 for details on the inference formulas. Error bars on (a) and (b) are not shown, for the sake of clarity,
whereas in (c)—(f) the 0.95 CI is smaller than the marker size.

Since noise cannot be ignored, we include it in the model
in the form of a hidden (non-)Markov model. Suppose we
measure noisy discrete data points (%, %1, ...,X;) corre-
sponding to trajectory points (xg, X, ..., x; ). Following a
maximume-likelihood argument, we estimate the parameters
A of the dynamical hidden model as

A}, = arg m}iixP(k|fco, e Xp)

= argmfle(fco, L XLIN), (42)
where
(%, o) 5, |A) = /dxo...deP(xo, XA
L
’ HP(5511|xn)' (43)
n=0

We assume P(%,|x,) = (1/V2r0?) exp—((&, — x,)?/26%),
and P(xg,...,x;|A) is determined by the hypothesized

dynamical model. As long as we deal with linear models,
as in the interacting and noninteracting cases considered
above, P(Xy,...,%;|A) reduces to Gaussian integrals, and
the marginalization over the hidden variables can be
performed explicitly. A full treatment at any noise-to-signal
ratio is then possible but not easily generalizable beyond
the harmonic case. For this reason, here we limit ourselves
to showing the predicted effect of experimental uncorre-
lated noise on numerical simulations. Explicit rewriting
of the likelihood in Eq. (43) allows us to identify the
combination of parameters that control the transition
from the small to large noise regime. If TnAfr/6? < 1,
noise dominates and, to lowest order, P(X,..., X |A) =
L (1/V2r06*)exp—(32/26°). If TnAr/c>>1, the
effect of noise is small, and the likelihood converges to
the one we find in the absence of experimental errors.
We conclude, in agreement with Refs. [11,12], that,
whenever the experimental apparatus and the observed
process are such that the chain of conditions ¢ <
TnAr < 1 holds, the developed inference strategy still
provides a reliable methodology to infer the parameters of
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the dynamics. When that condition is not fulfilled, con-
trolled denoising procedures or inference strategies based
on hidden modeling must be employed.

VII. CONCLUSIONS

We proposed a maximum-likelihood inference strategy
to tackle the problem of learning the best continuous
inertial stochastic model from time lapse recordings of
an observed process. The problems arising in this context
are general, as they stem from the combination of the
following three ingredients: the second- (or higher) order
nature of the process, when described in terms of the
directly measurable degrees of freedom, stochasticity, and
the use of discrete sequences of data points. Because of
that, contrary to first-order processes, reconstructing the
continuous-time dynamical model from the data is not
a straightforward task in the case of second-order dynam-
ics. Careful attention must be paid to the mathematical
peculiarities of Brownian motion and, in particular, to
the minimum order of convergence of the Taylor-1td
expansion allowing for a correct description of infinitesimal
fluctuations.

We want a robust inference methodology which could
be applied to a wide class of inertial processes, without
knowing their exact time-dependent solution. Such a
method must then exploit only the local dynamical infor-
mation carried by the differential equation. Locally in time,
the statistical properties of a Markovian or non-Markovian
process are determined by the random variable appearing
in the discretized Langevin or generalized Langevin equa-
tion, respectively. It is then crucial to evaluate correctly the
incremental fluctuations, at least to leading order in Af.

In the considered non-Markovian scenario, the mini-
mum order of convergence required for the Taylor-Itd
expansion is O(Af/?). We showed that lower-order
approximations lead to the emergence of a 2/3 rescaling
factor for the inferred damping coefficient, as already
pointed out in Ref. [26] and in Refs. [12,14] in non-
Bayesian settings. Employing known numerical integra-
tion schemes [39,40], we developed, to the best of our
knowledge, the first max-likelihood inference approach
for non-Markovian dynamics (or, equivalently, partially
observed Markovian dynamics, since the Markovian
embedding is not exploited). We demonstrated the robust-
ness and wide applicability of the method by applying it to
different processes: an exactly solvable stochastic oscil-
lator with additive noise with a Gaussian propagator;
the Brownian motion of a particle in an anharmonic
potential in thermal contact with a heat bath at constant
temperature 7'; a stochastic harmonic oscillator driven by
multiplicative noise. While the first two examples are
described in equilibrium by Gibbs-Boltzmann distribu-
tion, the latter is intrinsically out of equilibrium. In all
these cases, our maximum-likelihood estimators for the

model parameters are in good agreement with the values
used in simulations.

The method can also be successfully and efficiently
applied to large interacting systems, with prior modeling of
the interaction mechanism. It is in this aspect that the most
promising applications of our max-likelihood method
possibly lie. The class of processes for which the method
has been developed correspond to the simplest way of
incorporating memory effects in the equilibrium dynamics
of complex Hamiltonian systems. Its fundamental ingre-
dients are linear dissipation and additive noise. With these
conditions fulfilled, the problem is computationally effi-
cient and tractable. For noninteracting systems, we showed
it is possible to generalize the Bayesian inference approach
to nonequilibrium processes driven by multiplicative noise.
This generalization should work also for interacting ones.

An important remark is that in this setting only single-
valued parameters can be inferred. Heterogeneities in time
and space are not taken into account. The proposed method
is able to cope with slow time dependence of the parameters
compared to the available experimental frame rate, by
assuming effectively constant parameters along long sub-
trajectories. For fast-varying parameters, a better approach
is to describe the parameter as a random variable drawn
from an unknown distribution and infer the parameters of
this distribution. For the spatial heterogeneity in very large
systems, unless it is modeled using a small number of
parameters, a brute-force maximum-likelihood approach is
not feasible and more sophisticated strategies must be
developed, as for static inverse problems [16].

Another possible extension of the method is to include a
position-dependent dissipation coefficient. This modifica-
tion would not alter the Gaussian nature of the propagator
at short times, even if the noise covariance matrix will no
longer be tridiagonal. Nonlinearities in the first derivative
of the measured degree of freedom x and w»-dependent
multiplicative noise could also be considered. Finally,
one could try to generalize the approach to higher-order
processes, provided that this generalization is motivated by
some experimental evidence.

Relating the exact maximum-likelihood procedure to
alternative effective inference schemes, like Gloter’s mini-
mum contrast strategy [26], also remains an open question.
Specifically, is it possible to associate to these non-
Markovian processes an effective Markovian description
with uncorrelated noise (corresponding to factorized
dynamical likelihood) and rescaled parameters? Our analy-
sis suggests that it should be possible to adopt, even if
incorrectly, one of the naive methods discussed in Sec. I1 B
and introduce an a posteriori correction of the wrongly
estimated parameter, to take into account the effect of the
lowest-order discretization.

Another interesting development would be to provide a
reliable inference method even in the presence of strong
measurement errors. The maximum-likelihood framework
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provides a natural formulation for the problem in terms of
hidden Markov models.

The natural use of the developed framework is applica-
tion to real data. Technical specifications of acquisition
systems have remarkably improved in the past decades, and
it is now possible to collect well-resolved trajectories for
long enough time windows. This possibility also holds
for animal groups on the move, where experiments are
performed in the field and strong limitations are usually set
on the acquisition length due to global motion. We know
from previous work that the emergent dynamics of groups
of birds is dominated by an effective rotational inertia [6].
This inertia allows information to propagate linearly and in
an almost undamped way, allowing flocks to turn coher-
ently. Retrieving the effective damping coefficient in this
case will allow us to predict the scales where damping
becomes relevant, setting a size limit for groups able to
collectively change direction. In the context of swarm
dynamics, recent theoretical findings [48,49] suggest that
the value of the damping coefficient sets—again—a size
crossover for groups displaying different critical behavior
on the large scale. Understanding the interplay between
size, information propagation, and response is a key issue
in collective behavior, and a reliable inference approach
is crucial to provide well-grounded answers to these
questions.
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APPENDIX A: DISCRETIZATION PROCEDURE

Let us briefly summarize two possible systematic strat-
egies to obtain a discretized equation in the space of the x
variables up to the desired O(Ar*/?) order. Following
Ref. [8], we can derive from Eq. (3) the associated GLE
by formally solving the second equation of the system:

v(r) = Atdse‘”“‘s) [f(x(s)) + &(s)] + voe™™.  (Al)

Plugging this expression back into the equation for x, we
get a closed equation in x space:

= /ot dsK(t—s)f(x(5)) +¢(1) +voe™,  (A2)

where K(f) = ¢™ and (1) = [¢ dse™=9¢&(s). Discrete
update equations on the scale At can now be obtained by
integrating Eq. (A2) between ¢, and 7, | and between #,,_;
and f,. An exponentially decaying memory kernel prop-
agates both the noise and the initial condition v, in
Eq. (A2); it is then possible to identify an appropriate
reweighing of its integrated counterparts in order to get rid
of both effects. Indeed, the combination x,,; —x, —
e "™ (x, — x,_;) does not contain v, and has a short
correlated effective noise:

[Wwo—mﬂmmm+a (A3)
1= en(t—At)
[0(r + Ar) — 0(1)] + BT [0(1) — O(At —1)], (A4)

So far, these equations are exact. Some approximation
is needed at this stage to evaluate the integral of the
force. Various methods have been investigated in the
literature; among the simplest is the Langevin impulse
method [40], which approximates the integral with the
function at the midpoint, leading to

1= —nAt
%Atf(xn) + grl-

(AS)

— —nAt
Xn+1 = Xp + e (xn - xn—l) +
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Alternatively, taking the first-order expansion of the
force around the midpoint, f(x(7)) =~ f(x,)+ (r—1t,) %X
[f(x,) = f(x,—1)]/At in Eq. (A3), one recovers the sto-
chastic Verlet algorithm [41], which is one order more
accurate than Eq. (AS).

Another approach, followed in Ref. [39] (see also
Ref. [50]), is to consider the full system of equations in
the (x, v) phase space in integral form:

[/}
Xpp1 = Xy + Z}(l)dl,
1,

vwfuwyf“ﬂwmm+/%f@m (A6)

Iy

and perform a second-order Taylor-It6 expansion around
the point 7,

Xpp1 = Xy + UnAt + Dm

Up+1 = (1 - ”At)vn +%At[f(xn+l) +f(xn)}

+6At'2E, — D, (A7)
where D,, is defined as follows:
D, = SAL[F(x,) = qv,] + oAP2 Fg + Ly ] (A8)
n 2 n n 2 n 2\/§ n

and &, and 6, are IID Gaussian variables sampled from
N (0, 1). Eliminating the velocity variables v, and v,,_;, we
find a difference equation of the form of Eq. (21):

Xnl = 2xn — Xp-1— ’IAf(l - I’]AI/Z)(Xn - xn—l)

nar

() + 3 (xa)] + AP,

(A9)

- Atzf(xn) +

[EM-fwd] x,.; — (2= nAf)x, + (1 — nAt + @3 AP)x,_, = oA ?r,_,,

[EM-bkd]

At
[BBK] (1 +’77>x,,+1 - (2 - 03AP)x, + (1 3 >xn_1 = oAP?r,

with ¢ = /2Ty and {r,} a sequence of L—1 IID
Gaussian random variables of null mean and unit
variance.

Thanks to the independence of the random variables
appearing in Egs. (B1)—(B3), the discrete propagator takes
an approximate factorized form, which we can generally

with @ and f coinciding, up to O(A#?), with the Taylor
expansion of the coefficients in Eq. (AS5). The noise
variable ¢, is defined from Eq. (A7) as a linear combination
of ¢,, &,_1, 0, and 0,_;. As a result, due to overlapping
Wiener processes, correlations between subsequent noise
extractions emerge, which are still described by Eq. (26).
This second derivation is helpful in justifying the quasi-
Toeplitz structure of the covariance matrix discussed in the
main text. Indeed, fixing x; implies fixing the first random
increment which is responsible for position update in the
integration scheme Eq. (A7), when the known initial
conditions are (xg,vp). Since this stochastic increment
enters into the definition of {; but not in that of {,, the
true covariance matrix must have a different entry C;; than
the other elements on the main diagonal, as in Eq. (28).

APPENDIX B: INFERENCE FORMULAS

1. Naive max-likelihood approaches
for the harmonic oscillator

Several Euler-like schemes for the numerical integration
of second-order stochastic differential equations can be
defined. From each of them, inconsistently retaining only
the diagonal O(A#¥/?) stochastic terms when we write the
update equations in x space, we can extract a factorized
expression for the dynamical likelihood, such as Eq. (10).

Let us focus on three particular examples (shown in
Fig. 7 for the harmonic oscillator and Fig. 8 for the ISM):
the standard explicit Euler-Maruyama scheme (EM-fwd),
its implicit variant (EM-bkd), and the symmetric Briinger-
Brooks-Karplus (BBK) scheme [51]. The three of them
may be obtained from the second-order SDE Eq. (1) by
approximating first and second time derivatives adopting a
forward, backward, or symmetric prescription, respectively.
The resulting update equations in the three cases read

|
(B1)
(1 +nA)x, 41 — (2 +nAt — 3 ALP)x, + X,_; = 6AP %1, (B2)
At
_nhat (B3)
! -1
e _Sn Xnt19Xn s Xpn—1
P(l)(XZ,...,xL|xO,X1)—rgfne ( ) (B4)
The reduced minus-log-likelihood, defined as
L —InP(xy, ..., x7|x0, X1)
= B
L-1 L—-1 ’ (B3)

write as
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FIG. 7. Accuracy of the different likelihood-based methods in inferring the damping coefficient of the harmonic oscillator, in varying
damping regimes: (a) shows the O(A#*/?) Toeplitz method; (b)—(d) show the three O(A¢'/?) variants corresponding, respectively, to the
Euler-forward, Euler-backward, and BBK schemes. The main features to highlight are the appearance of the 2/3 rescaling factor for the
o(ArY/ 2) scheme (red dot-dashed line), compared to the absence of any rescaling for the o(Ar 2) scheme, and the higher stability of
the latter with respect to At filtering. Different damping regimes are explored: The sampled values of #*™ are indicated in the color bar.
The remaining parameters are 7 = 1 and w, = 1. Each point is the average of the inference results of ten different trajectories of 5000
points (for any Ar). Error bars are taken as 0.95 CL
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FIG. 8. Accuracy of the different likelihood-based methods in inferring the effective parameter 7/y of the inertial spin model:
(a) shows the O(Ar/?) Toeplitz method; (b)—(d) show the three O(Ar'/?) variants corresponding, respectively, to the Euler-forward,
Euler-backward, and BBK schemes. We see the 2/3 factor for the O(Ar'/?) schemes (red dot-dashed line) and no rescaling for the
o(Ar¥ 2) scheme. ISM simulations are performed in different damping regimes: The sampled values for the parameter 7™ are indicated
along the color bar. The remaining parameters are y = 1, T = 0.4, J = 5.0, n, = 6, and N = 1000. Each point is the average of the
inference results of ten different trajectories of 200 points (for any Ar). Error bars correspond to 0.95 CI.
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L 1 1
EM-bkd] —— = ~In (4xTnAF) —In (1 + nAt) + ———=[(1 + nA1)>C, + (2 + nAt — w3 A?)>C, + C”
[ |7 =1 =5 n@rTnAr) —In (1 +74 >+4T;7At3[( +nA1)*Cs + (2 + nAt — 05A)*C + CF
=2(1 +nA1)(2 4+ nAr — W3 AP)Gy 4 2(1 + nAn)F — 2(2 + nAt — 03 AP) Gl (B7)
L 1 nAt 1
BBK]—— = —In (42TpAr) —In ( 1 + — ) + ——[(1 +7A1/2)>C} + (2 — @3 AP)C,
BBK] = = 3 (4anar) ~1n (1+715) + ol (04 ar/2°C + (2= aRarC,
+ (1 =nA1/2)*C) = 2(2 — @} AP) (1 + nAt/2)Gy + 2(1 + nAt/2)(1 — nAt/2)F,
—2(2 - w}AP)(1 — nAt/2)GY). (B8)
I
Minimization of Egs. (B6)—(B8) with respect to the (iii) BBK:
parameters of the model yields the following optimal
values, according to the adopted scheme. 2 C!+F, — % (G, + GY)
(i) Euler-forward: MBBK = A G ; (B15)
A[Cs _Fs _ES_(GS _Gs)
G, +G,-2C,+&(2G, - C! - F
"y :Ai s TG -2C + 4 <G G- F), 1260 +29G, - (1-89G,
t -Ci+%r Ar? C,
(B9) (B16)
x 1 2 2 A £2)2
1 (2-nANG, - (1= nAf)C! —F, Tgpx = AL [(1+nAt/2)°C{ + (2 — 5 AL)*C
Ofwd ™ 'A72 c ’ 20
s + (1 = nAt/2)*Cl
(B10) —2(2 = wRAR)(1 + nAt/2)G,
: +2(1 +nAt/2)(1 —nAt/2)F,
Tiva = gpaa (G T (2~ nAr)*C; —2(2 - @3AP)(1 - pAt/2)GY.  (BI7)

+ (1 = nAt + @3 A£)*CY = 2(2 — nAL)G,
+2(1 = nAt + 0} AP)F,
—2(2 = A1) (1 — nAt + @3AP)GY); (B11)

(i1) Euler-backward:

1 G+ F = &(G,+ Gy

Mokd = As GG _p 5 (B12)
C, s
e L(z +nAt)Cy — Gy — (1 +nA1)G,
@Dobkd = AL C, ’
(B13)

. 1
Tha NG [(14nA1)>C, + (24 nAt — wfAr?)*C,

+C! =2(1+ A1) (2+nAt— 0} AP)G,
+2(1+nA1)F—2(2+nAt— w3 A?)GY;
(B14)

All of the schemes above are derived from numerical
integrators with weak and strong convergence order O(A¢)
and, consequently, give a 2/3 rescaling factor for the
inferred damping coefficient #*. This result can be checked
using the procedure outlined to derive Eq. (15), which
consists of replacing the experimental two-time quantities
with the known correlation functions for the harmonic
oscillator:

T [y, i 2=yt
C([) = —2€_J’t |f:0$ ( w% — y2t> + }/w} ,
on 2
(B18)

where y = 7/2, and performing a Taylor expansion around
the zero temporal distance. In the same way, the exactness
of the inference formulas for 7* and w3* can be checked for
the three methods.

2. Shift-invariant O(Af/?) Bayesian approach

We argue that the joint probability of sequences
of points in real space is not factorized into a chain of
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conditional probabilities. Indeed, the dynamics of the  random variables to be taken into account, resulting,
harmonic oscillator, when projected into the x space, is  in the case of additive noise, in a covariance matrix
governed by evolution equations containing a colored  with a (quasi-)Toeplitz symmetric tridiagonal structure
noise. The right scheme to adopt is then of the kind [cf. Egs. (28) and (26)]. We pursue a maximum-likelihood
of Eq. (21): As discussed in the main text, this scheme  approach, taking as the function of the parameters of the
requires correlations between subsequently extracted ~ model to maximize

|

1 1 &
P(Z)(fo ...,x2|x1,x0) = Zexp_i Z [xn+l +F(xnﬁxn—l;”)]c_lnm[xqu + F(xmv-xm—l;”)]' (Blg)

n,m=1

The partition function is specified by Egs. (24) and (30), whereas the relation between g and the physical parameters of the
dynamical model depends on the details of the discretization scheme which is adopted.

Thanks to the peculiar structure of this likelihood, one can go pretty far with simple algebra in the optimization problem.
First of all, it is convenient to reformulate the issue as a minimization problem for the minus-log-likelihood:

L-1 2 = 3/2 .
L= 2 In (2ﬂ§ T’?Al’3 Z In 2 + COS(kﬂ'/L)] LT”]A[3 z [xn+1 + F(Xn, Xn-15 u)}Anm [xm+l + F(xmv Xm—15 l‘l)],
n,m=1
(B20)
being

L-1 I’lkﬂ Sln(mkzz)

Z + cos(*z) (B21)

As usual, the temperature just appears as a prefactor for the effective action, without affecting its actual dynamical
structure. The optimal value is given by

3 L-1 B
T = W Z [xn+1 + F(xn’xn—l; u)]Anm [xm+1 + F(xmvxm—l;u)]' (B22)
n,m=1

L(L-1

Replacing it into Eq. (B20) and getting rid of additional constants, we obtain a reduced minus-log-likelihood:

1 L-1 L-1 Sln(n[liﬂ) Sln(mll‘ar)
Logmy 2 X et e+ Pttt - F i) (B23)

One can now split all the terms appearing in the sum and derive with respect to the effective parameters y. Focusing on the
case of the simple stochastic harmonic oscillator, F(x,,x,_;¢) = ax,, + fx,_;, we have u = (a, #). By adopting the
Langevin impulse integrator (see Appendix A), the effective parameters correspond to

a=—1—e"™ L dAt(l — e /g, p=eTA (B24)
By adopting a second-order Taylor expansion around the prepoint, they correspond to

At At
a= —2+77At(1 —%) + WAL, p=1 —nAt(l —%) (B25)
As required for them to be consistent, the two variants are equivalent up to O(A#*). The numerical results shown in this
paper are obtained using Eq. (B24).
Imposing that the derivatives of £ with respect to a and f are zero leads to

. T+ pTs T\T; —2T,T,

a:——; *: R
b —T5 + 4T,Ts5

o (B26)
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where, with an implicit sum over the indexes n, m from 1 to L — 1,

Tl = %Anmxnmerl’
T3 = EA Xp—1X,
L nm-n m»
1-
Ts = zAnmxn—lxm—l

This procedure can be applied to find explicit formulas
for any noninteracting system described by a Kramers
process with velocity-independent forces f(x), as in
Eq. (1). We report here those we derive and use for the
anharmonic model with force f(x) = —kx — Ax>. Referring
again to the Langevin impulse integrator, one possible set
of parameters is given by g = (5, K, A), where g = e,
K = kAt/n, and A = AAt/n. The Toeplitz inference for-
mulas for those parameters read

5= {Ps _ PPy (PyPy — P3Py)(Pa Py _P3P6)i|
P, P,(PyP, — P3)
P2 (PyP; — PyPg)*]!
'|:P1__6_(27 362):| : (Bzg)
Py Py(P,P,— P3)
A*:ﬂ*(P2P7_P3*P6)_(P2P92_P3P8); (B29)
(1 =p*)(PyPs — P3)
*Pe— P P
k=P PPy 6 8 _ A2, (B30)
(1-p%)P, P,
where
Pl - (xn _xn—l)Anm(xm _xm—l);

_ A 3. _ 3 3.
P3 - annmxm’ P4 - annmxm’

( nm(merl - xm);
P6 = (xn - xn—l)Anmxm; P7 = (xn - xn—l)Anmx%;
( P9 = (xn-H - xn)Anmxal-

(B31)

PS = Xn+1 — xn)Anmxm;

From these equations, the max-likelihood estimators for the
physical parameters 4*, k*, and #* can be found.

(B27)

3. Generalization to the interacting case (ISM)

As one moves from single- to many-particle systems,
extra parameters are needed: Position and velocity
variables are conveniently represented as Nd-component
vectors, N being the number of constituents of the group,
while model parameters become matrices. For the equa-
tions of motion of the three-dimensional ISM on a fixed
lattice in the spin-wave approximation Eq. (41), the
update rule becomes

& =y +alm, + pUm, . (B32)

with
ol = g%V + o' AU and i = i,
where A¥ is the discrete Laplacian and sums over the j
index are implicit.
The definitions of a°, @', and f depend on the details of

the discretization. Using, for instance, the Langevin
impulse integrator,

n\* _ Inp* J\* _ hp" a
u A uo L=prAad

Using instead a second-order Taylor expansion, we get

G, (s
T At , ar AP

0

(B33)

(B34)

The three parameters a’, a', and S are not independent,
since the extra independent parameters of the interacting
problem are hidden in the adjacency matrix. In both of the
cases considered above [Eqgs. (B33) and (B34)], a° and S
are linked by the same relation: a® = — — 1. Renaming

a' = a, the minus-log-likelihood reads

3/2 < 1 S A i i i i ij
Z NZA"m[”nJrl -7, _ﬂ(”n _”n—l) +al J”nj]

L-1)d-1 T
Ezwln —ZAP + const + —
2 X LAAP 4= N
X n.m= =

' [ﬂfnJrl - ”;n _ﬂ(ﬂin - ”in—l) + aAil”ml]' (B35)
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Again, one can proceed with an analytic minimization
with respect to 7, a, and f, giving

PKi—K;.

. : B36
a oK. (B36)
—-K;3K 2K K
pr— 23 . 4 +2K,Ks : (B37)
—-K; +4K,K5
T = 3 Ko, — K, + 2K
S (d=Dn/x) AT : ?
+ 'K — a' B Ky + a*2Ks), (B38)

with K...K5 the generalization to the many-particle case
of the combinations of experimental observables T, ..., T’s
defined above (again with implicit sums over n, m):

NoA L S
Zm(”ln —7,y) - (T — 7y

1

N

2N Ay o
K3 = N Z—A”(n’ — ) - s

L(L—l) n+1

2 A o .
K4:—Z¢Al./(”;1_nl )nin’

L(L-1) n-l
1L A -

Ko =— #AUAllﬂ{l. L

: NZL(L—I) o

Results obtained from these formulas are reported in Fig. 8
and in the main text.

4. Generalization to the multiplicative case

From Eqgs. (33) and (34), which define the discrete
update rule for the multiplicative process described by
Eq. (32), one can derive max-likelihood estimators for the
parameters of the model by minimizing the effective cost
function in Eq. (36). Let us carry on this explicitly for the
following reference example:

¥ =—nv—kx+ Va+ bx*,

such that the quantities appearing in Eq. (36) read

(B39)

F(xn’xn—l;ﬂ) = —Xp — e_nAl(xn - xn—l)

kAt

+ (1 —e ) —x,, (B40)
n

with g = (e™"! kAt/n) and

2
Cnm = §At3(a + bx%>5n,m

|
+oar V0@t bx3)(a+ )b, 0. (B41)

Simple manipulations allow us to reduce to the minimiza-
tion problem to a one-dimensional numerical optimization,
since analytical formulas for the optimal values of the
effective parameters = e, K = kAt/n, and b can
easily be found:

b 3/AF [, PP (P3P — PPy
L-1[° Py  PiP;—-P2 |

p = P3Py = PiPs . P Ps— Py (B42)
PP} — (P5)* (1=p )Py

where we rename a = a/b and P; = P;(a*). The optimal
value of the new effective parameter @* is the minimizer of
the following function of a:

1 L-1 B
L=—— InA
L—lkz:; 4%
P (P3Py— P4Ps)(P3Py — PyPs)
P, PP, — P2

+ In |:P0 - s
(B43)

where {J;} is the set of eigenvalues of the reduced
covariance matrix

A_lnm = 3Cnm/(bAt3)

1
=2t )5y + 5\ @+ )@+ )i

(B44)
and
1 L—-1
Py=—— (-xn+l _xn)Anm(xm+1 _x’”);
L- 1n,m:l
1 L—-1
Py = mn mzl(x” - Xn—l)Anm(xm - x’"—l);
1 L—-1
P2 = mn — annmxm;
1 L—-1
Py = mn mil(xn—&-l - xn)Anm<xm - xm_l);
1 L-1
P4 = L-1 nmzl(xn—H - xn)Anmxm;
1 L—-1
Ps = m (xn - xn—l)Anmxm'

E
)
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5. Non-Bayesian approach: Inference formulas without a likelihood

We build in this section an alternative approach to the Bayesian one, as outlined in Sec. III of the main text. To be explicit,
we need to choose a discrete update equation in x space: Let us choose again the one corresponding to the usual

continuation rule of the LI:

_ —nAt
Xn+1 = Xp +e (xn _xn—l) +

1= e—nAt

—a)(z)Atx,, + &, (B45)
n

multiply its rhs and lhs by x,,, x,,.1, and x,,_;, and take the average over the noise distribution. The resulting equations are

<xn+1xn> = <xn2> + e_”At(<-xn2> - <xn-xn—l>) + Tw%At<xn2> + <xnCn>;
<xn+1xn+1> - <xnxn+1> + e_”At(<xnxn+l> - <xn—1xn+1>) +

<xn+1xn—1> = <ann_1> + e_nm(<xnxn—1> - <xi—1>) +

11— —nAt
¢ (B46)
1 — At )
CUOAZ‘<xnxn-%—1> + <§nxn+1>; (B47)
11— e—nAt
————— W3 At{x,x,_y). (B43)

Using again Eq. (B45)—combined with the covariance matrix of the Gaussian variables—to compute ({,x,) and

(CX,41), the relations we find are

G, =C,;+ e (C, - G,) +

Ci=G,+b+a+e™(G,—F,+b)+

Fo=Gl+ (G- Cl)+

In order to find Egs. (B49)-(B51), we identify the actual
correlation functions with the empirical ones, denoted with
C, G, and F symbols, and we hypothesize a stationarity
assumption to hold to explicitly compute them. After
proper manipulation, one can extract “inference relations”
for b, e, and wjAt and derive from them the physical
parameters of the model. In order, e™7*' is given as the
solution of the second-degree polynomial equation:

(2G, — C, = Ce 12 + 2G, + C! - C
—2F; +5(2G, — C;, — C")]e™ ™ + |G,

_G2+FS_C/Y+5(GIY_Cv_Fv_l_Gs)]:0’ (BSZ)
then b and w%At are computed as follows:
b= G/s - Fs + Gs - Cs + e_nAt(szv - Cls/ - Cs); (B53)
—n Gs_Cs_b - Cs_Gls
CU%At = 1= e_”lAt CS — e ”AtT . (B54)

1 — e
S WAAIC, + b (B49)
n
1 — e
———— 3 At(G, + b); (B50)
n
1= —nAt
R INT (B51)

Notice that these inference equations are not unique.
Combining the starting equations in a different way results
in slightly different inference formulas, which, however,
should provide the same result if the experimental corre-
lation functions faithfully reproduce ensemble averages at
the steady state.

This strategy cannot be adapted to interacting problems,
outside of the mean field approximation. The obstacle comes
from the parametrization of the interaction matrix, which is
the discrete counterpart of introducing an interaction range in
the corresponding field theory. Without a priori parametri-
zation, the issue of sufficient statistics arises: One can think
about repeating the same procedure in the multiparticle case
for each particle pair and look for independent inference
formulas for any matrix element JAY. Bypassing the
technical difficulties related to solving the resulting system
of N? + 2 second-degree equations for the unknowns b,
e and {JAY}, ;| ., we have a much greater number of
parameters to infer than of points in each frame. This
problem becomes totally untractable if one also allows
AY to evolve in time, as in active animal groups [22,52].
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Assumptions about the structure of the matrix A;;
dramatically diminish the number of parameters and help
us deal with the worry of insufficient statistics but require
an alternative strategy to estimate the interaction range,
since this physically motivated parametrization does not
allow us to find closed-form equations.

|

It is possible yet to approximately estimate the damping
coefficient and the effective temperature of the system of
interacting particles, assuming that they are all immersed in
the same uniform thermal bath. Under this assumption,
Eqgs. (B46)-(B48) can be adapted to the interacting case
and properly manipulated to find the following relations:

G - C,
Fi =G =G+ C, = e WN2G, = C) = C,) + =2 =[G, = C, = b= e WON(C, = G)] - by (BSS)
int
Cy =26, + €, = e 8(G = Fy = €+ G}) + b4+ e 008 4 ZE[G, = €, = b= e 0% (C, = G}
int
G.. —C.
+ G = G b= e WON(C, = G); (B56)
int

where we use the third independent equation to eliminate

J/y and exploit the fact that a =4b, with b=

L2TnAP /x*. Let us define the empirical spatiotemporal

correlation functions involved in these inference formulas.
(i) Equal-time correlations:

=
Cij:m;ﬂn'm'z; (B57)
1 &L :
Cij = mz}ﬂfwl s (B58)
| L=t '
"o i .
Cij = m;ﬂn_l ”I]’l—l' (B59)
(i) One-step correlations:
1 & ,
Gij = m;”ﬁﬂ 7 (B60)
| Lt '
r_ i
Gy = m;”n T, (B61)
(iii) Two-step correlations:
= '
Fij= m;”im M- (B62)

The observables appearing in Eqs. (B55) and (B56) are
defined from Eqgs. (B57)—(B62) as in the following. We can
distinguish the contribution of self-correlations, encoded by

1 1 1

C, = —=TrC; C, =—=TrC; C! =—-TrC";
N N N

G 1TrG G 1TG' F 1TF

- = 5 s — 5 116 s — 77 LIk,
SN N N

and that of correlations between directly interacting birds,
encoded by the quantities

Tr(A'G)
N 2

Tr(AG’)
G{m = N ’

Gin =

where A;; = n.6;; — n;;. Notice that all of them are by
definition self-averaging quantities, which obviously tend
to be more and more stable as the size of the system
increases.

As already stressed, in the absence of a proper like-
lihood, an unattainable task is that of dealing with functions
denoted with an “int” subscript. However, the manipulation
we carry out to derive Egs. (B55) and (B56) confines them
into subleading terms, as can be checked by looking at the
combination

Gint - Cint

C. [(1 - e_(n/X)At)(Gs - Cs) - b] = O(Ats)’
nt

(B63)

/

in> and at

at the one obtained replacing G;,, with G

bl (1 — e WY (G, - C,) - b] = O(A).

int

(B64)

Under the working hypothesis that At is sufficiently
small, we can neglect these terms and find usable relations
to extract the effective parameters of the thermal bath
(n/x, T/y) from the experimental self-correlations only.
Precisely, 77/y is found as a solution of the equation

(CV + Cy —2G,)e2n/0At
+2(F; = 5G, — G, + 3C, + 2C!)e~(n/0)A!

+4F, — 4G, - 6G, +5C, + C, =0, (B65)

whereas the effective temperature is extracted from b, being
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b=G,+G,—F,—C,+ e WIAN2G, — C; - CV).
(B66)

Notice that this formula is exactly equivalent to Eq. (B53),
since we define the effective damping coefficient of the
harmonic oscillator as # = p/m, whereas the correspond-
ing quantity, having the dimension of an inverse timescale,
is n/y for the ISM. These formulas are applied to find the
results shown in Fig. 5.

APPENDIX C: EQUATIONS OF MOTION
OF THE ISM IN THE SWA

We derive in this Appendix the equations of motion of
the ISM in the so-called SWA. The name comes from the
analogy with ideal Heisenberg ferromagnets which, at very
low temperatures, can be studied using an approximate
theory, whose basic idea is that the lowest-energy excita-
tions in a ferromagnet are those produced by a single
reversed spin over a large number of otherwise aligned
spins in a crystal lattice [53]. In a similar way, since natural
flocks of starlings are in a deeply ordered phase, we can
perform an expansion around the perfectly ordered state of
the flock, where all of the birds’ velocities are aligned along
the same direction.

Let us denote by n the collective direction of motion of
the flock. Each vector v; can be decomposed into its
longitudinal and transverse components with respect to n:

Vi = v+ (C1)
In the case of bird flocks, the spin-wave approximation
reduces to approximating the longitudinal components as

follows:
L 2 1 2
vi =\/1 - |m z1—§|7l'i|v

having v; a unit length. The equations of motion of the ISM
(with a fixed interaction network) can be written in the form
of a set of second-order SDEs for the velocity variables:

d*v; dv; a dv;
L— | = L J V- ) 2
ar < i ;"”Vf +§’>l ‘ dt

where the L symbol indicates the projection onto the
orthogonal plane to the direction of motion of the ith bird,
v;. This projection operator and the last term of Eq. (C3) are
the required ingredients to ensure individual speed con-
servation: |v;(f)| = vg =1 V i,t. Thanks to this property,
Eq. (C3) further simplifies:

(€2)

2
Vi, (C3)

dZV,» o dVl'
a2~ Tar

2V[. (C4)

N
dVi
JZ”[/"/J_"’EU__ ’E
Jj=1

Using Egs. (C1) and (C2) and exploiting the fact that, for
any vector a,

a; = -v; x (v; x a), (C5)
one can evaluate all the terms appearing in Eq. (C4), at the
desired order of approximation.

Let us focus first on time derivatives: We notice that, in
principle, they also produce terms containing dn/dt and
d*n/dt*. In the following, we assume that the direction of
collective motion n is constant. This assumption is legiti-
mate in the limit N — oo, when the wandering of the order
parameter is suppressed, or at least when it is very slow
compared to the relaxational dynamics of the degrees of
freedom. If, on the contrary, one wants to take this effect
into account, apparent forces emerge, because the chosen
reference frame is noninertial.

Neglecting apparent forces enables one to segregate on-
plane (i.e., perpendicular to n) and off-plane (i.e., parallel
to n) contributions and completely disentangle the corre-
sponding equations. One can then consider the equations in
the z plane only:

d27l'l'+ dﬂ'l‘
ar

+JAjm; = Pg; + O(|a]*), (C6)

where A;; = n;; —n.d;; and P is the projection operator
onto the plane perpendicular to the collective velocity
V= (1/N)Y_¥,v;=®n. The velocity fluctuations =;
play in this case the same role as spin excitations in
Dyson’s SWA, both becoming the new degrees of freedom
and displaying a linear interaction.

At this stage, what remains to explicitly evaluate is only
PE; | . We know that € | lives in the plane perpendicular to
v;, so that the perpendicular component to the plane
spanned by V and v; is left unchanged by this projection
operator, while the other one is contracted with a factor
cos 6;, with 6; the angle between v; and n. As a result,

Ty

(PE;(1) - PE(s)) = 2(1 + cos? ei)?a(z —-s5).  (C7)

The second moment of each noise term is then rescaled,
with respect to the original one, by a factor

L 4cos0) =114 (b = 1 =Lz p ot
2 ' 2 ! 27

i (C8)
In order to let the fluctuation-dissipation theorem hold, this
rescaling can be readsorbed by the temperature parameter
T/y, which is, in principle, different for each bird. At an
averaged level, we can define a new spin-wave temperature
that differs form the original temperature of the inertial
spin model by a factor (1/N)>_N,vF, which is by
definition equivalent to the polarization of the flock
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FIG. 9. First correction to the SWA. The comparison between the plots shows the effect of the SWA: In (a), the raw inferred values of
T/y, obtained using the inference formulas derived from Eq. (41), are reported. In (b), we include the first correction by rescaling the
output with the time-averaged polarization, for each sample trajectory. ® is the average of the averaged polarizations among different
simulated flocks, at any given temperature. Error bars for @ correspond to standard errors, whereas vertical bars represent, as in the other

figures, 0.95 CI.

® = |(1/N)>_¥, v;|. In the low-temperature case, where
7| < 1, ® =1+ O(|n|*); the first correction to the
temperature parameter is then of a lower order with respect
to the terms which have been neglected in the deterministic
part of Eq. (C6) and shall correctly be included through this
simple effective rescaling.

As long as the experimental or statistical errors are wide
enough and the system pretty ordered, this SWA-related
correction is negligible. Thanks to the large statistics and
high accuracy we manage to have with our simulations and
inference machinery, we are able to detect it in Fig. 5(c),
where points are systematically placed below the line of
slope 1, especially for higher values of the temperature,
which, in turn, correspond to lower polarization values.
A comparison between the two panels in Fig. 9 confirms
that this correction to the SWA is truly the origin of the

|

observed trend and not an intrinsic defect of the inference
procedure.

APPENDIX D: ISM SIMULATIONS

We implement a numerical integrator for the ISM in
d = 3 that combines the leapfrog method with Boris’s trick
to ensure speed conservation [54]. We perform simulations
on fixed Poisson random lattices (i.e., sites are randomly
chosen points with uniform distribution), discarding the
update of particle positions and consequent reshuffling
effects. As a result, the adjacency matrix of the graph
associated to the interacting particle system is time inde-
pendent, and the constant speed v, of each bird does not
play any role. Thus, the numerical integrator we use
consists of the following set of update equations:

Ar\ 1 A\ JAt
R e (R IR (U SRR e MRS ] )

2

with t" = —(1/27)Ars""'/? and w" = 2"/(1 + |t"[?). &
is a three-dimensional isotropic Gaussian variable of zero
mean and of variance

<E7 : E‘T> = 5ij5mn2 -3 TnAt. (D2)
The adjacency matrix explicitly reads
1 ]f ri]- S nc,

nij = o (D3)
0 if ry; > n,

J

with r;; the rank of bird j as a neighbor of bird i (excluding
the bird itself, to which we conventionally associate rank
ri; = 0). In all of our simulations, we work with periodic
boundary conditions.

We try to ensure that the system is sampled in a
stationary regime by starting from microscopic confi-
gurations corresponding to polarization values close to
the equilibrium ones. The polarization is the macros-
copic order parameter of the system, and it is defined, in
perfect analogy to the magnetization in a three-dimensional
Heisenberg model, as ® = (1/Nvg)| >N, vil.
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Flocks of N = 1000 birds are simulated to obtain the
results shown in this paper, with a topological range
of interaction n. = 6 [except for the data in Fig. 5(b)],
alignment strength J/y = 5, and effective temperature 7'/ y
in the range [0.2, 1.2]. When not explicitly indicated, we
take 7'/y = 0.4, approximately corresponding to a polari-
zation of 0.97 (for n, = 6). We choose an integration
time step of 7, = 0.0005/(/n,.) for all the simulations.
Different damping regimes are explored, and the perfor-
mance of the inference method is tested in each of them
and for various choices of the time lag Az. In order to
disentangle the effects of the discrete nature of the
simulation from proper malfunctioning of the inference
schemes, the minimum inference time step Az displayed in
Figs. 5(b) and 8 is Stg,.
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