
PHYSICAL REVIEW RESEARCH 8, 023094 (2026)

Learning minimal representations of many-body physics from snapshots of a quantum simulator
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Analog quantum simulators provide access to many-body dynamics beyond the reach of classical computation.
However, extracting physical insights from experimental data is often hindered by measurement noise, limited
observables, and incomplete knowledge of the underlying microscopic model. Here, we develop a machine learn-
ing approach based on a variational autoencoder (VAE) to analyze interference measurements of tunnel-coupled
one-dimensional Bose gases, which realize the sine-Gordon quantum field theory. Trained in an unsupervised
manner, the VAE learns a minimal latent representation that strongly correlates with the equilibrium control
parameter of the system. Applied to nonequilibrium protocols, the latent space uncovers signatures of frozen-in
solitons following rapid cooling, and reveals anomalous postquench dynamics not captured by conventional
correlation-based methods. These results demonstrate that generative models can extract physically interpretable
variables directly from noisy and sparse experimental data, providing complementary probes of equilibrium
and nonequilibrium physics in quantum simulators. More broadly, our work highlights how machine learning
can supplement established field-theoretical techniques, paving the way for scalable, data-driven discovery in
quantum many-body systems.
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I. INTRODUCTION

Quantum analog simulators provide a powerful platform to
investigate complex many-body systems by engineering phys-
ical setups whose intrinsic dynamics implement the desired
model Hamiltonian [1–3]. In these experiments, engineered
quantum systems evolve naturally under the governing phys-
ical laws, and relevant observables are extracted through
measurement. This approach has been fruitfully applied
across diverse platforms, from ultracold and neutral atoms
[4–6] to trapped ions [7,8] and superconducting circuits [9],
enabling insight into strongly correlated phases, nonequilib-
rium dynamics, and topological phenomena beyond the reach
of classical computation [10]. In terms of continuous sys-
tems, a particularly well-studied example is the realization
of one-dimensional (1D) superfluids, where coherent con-
densates or coupled arrays serve as testbeds for low-energy
quantum field theories describing collective fluctuations
[11–16].
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The readout from quantum simulators, however, poses
unique challenges compared to digital simulations. For in-
stance, measurement constraints limit access to only a subset
of observables [17], often further degraded by finite imaging
resolution and noise. Consequently, extracting comprehen-
sive information demands both tailored measurement protocol
and advanced data analysis methods [18–21]. These include
full counting statistics [22,23], higher-order correlation func-
tions [13,24,25], and increasingly, machine learning (ML)
techniques that leverage modern statistical inference to infer
hidden degrees of freedom and dynamical rules from experi-
mental trajectories [26–32].

Another central difficulty arises when the simulator’s ef-
fective Hamiltonian or noise processes are not fully known
a priori or when experimental datasets are limited, making
direct parameter estimation unreliable or biased. Therefore,
methods that are agnostic to detailed microscopic assumptions
yet sufficiently expressive and interpretable to reveal underly-
ing physics are highly desirable [33–35].

In this work, we address this challenge by employing a
custom variational autoencoder (VAE) trained on the relative
phase field measurements of a quantum simulator composed
of two tunnel-coupled 1D ultracold Bose gases. The pro-
posed VAE, an unsupervised generative model [36] equipped
with an autoregressive architecture [37], identifies a minimal
parametric representation of the stochastic process govern-
ing phase fluctuations of the system without relying on
prior knowledge of the Hamiltonian or noise sources. We
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FIG. 1. Experimental and computational pipeline. (a) Two quasi-one-dimensional superfluids in a magnetic double-well created by an
atom chip with tunable tunnel coupling J . The relative phase φ is extracted from absorption imaging of the matter-wave interference pattern.
(b) The encoder maps each phase trajectory to a lower-dimensional latent vector z. The model compresses the input into a minimal set of
neurons (active), effectively suppressing noncontributing ones (passive). The decoder reconstructs then the phase trajectory from z. (c) The
decoder predicts the conditional probability of the next phase increment �φ j based on z and the previous phases φi< j . Its autoregressive nature
ensures causal prediction (green shaded area)

demonstrate that the representation learned by the model
strongly correlates with physical parameters controlling the
effective sine-Gordon field theory realized in the experiment.
Furthermore, the model’s representation provides a sensitive
probe of nonequilibrium phenomena, including the detec-
tion of topological soliton defects and the characterization of
postquench dynamics where conventional observables fail to
discriminate equilibrium from nonequilibrium states.

II. METHODS

A. Experimental realization of the sine-Gordon
quantum simulator

We study two quasi-one-dimensional, tunnel-coupled 87Rb
superfluids prepared in a magnetic double-well potential cre-
ated by an atom chip (see Fig. 1 and also Refs. [13,38] for
further details). At low energies, their relative degrees of free-
dom are captured by the sine-Gordon Hamiltonian [39]:

HsG =
∫ L

0
dx

[
g δρ2 + h̄2n

4m
(∂xφ)2 − 2h̄Jn cos(φ)

]
, (1)

where δρ(x) and φ(x) are canonically conjugate relative den-
sity and phase fields, m is the atomic mass, g is the 1D
contact-interaction parameter, n(x) is the linear density, which
varies slowly due to the weak axial confinement, and J is
the tunnel coupling. The relative phase field φ(x) is accessed
through matter-wave interference [40], recorded with a CCD
camera of pixel size �x ≈ 2 µm, and henceforth treated as a
discrete quantity φ j , which we refer to as a phase trajectory.
This destructive measurement requires repeated preparation
and imaging, causing that each realization yields a single
sample trajectory subject to shot-to-shot fluctuations of both
temperature and atom number arising from technical imper-
fections.

The sine-Gordon model provides a unifying description
of one-dimensional systems: It can be viewed as a Luttinger
liquid [41,42] perturbed by a cosine interaction potential,
admits solitonic excitations familiar from classical nonlinear
dynamics [43], and has long served as a minimal quantum
field theory relevant in condensed matter [44], gauge theories

[45], and cosmology [46]. In our setting, the strength of the
cosine interaction is tunable by controlling the double-well
separation, and thus J , through radio-wave dressing, thereby
enabling simulation of various interaction regimes.

In thermal equilibrium, the coherence properties are gov-
erned by the dimensionless coupling Q = λT /lJ , with lJ =√

h̄/(4mJ ) the Josephson length and λT = 2h̄2n/(mkBT ) the
thermal coherence length [47]. Systems with equal Q exhibit
identical behavior when expressed in units of λT , so Q fully
controls the phase statistics. While not directly measurable, Q
is related to the coherence factor 〈cos φ〉 (see Appendix C). In
the strong-coupling regime (Q � 1), tunneling locks the rela-
tive phase near φ ≈ 0, yielding 〈cos φ〉 ≈ 1 and long-range
correlations. When thermal fluctuations dominate (Q � 1),
the relative phase is randomized, 〈cos φ〉 → 0, and correla-
tions decay exponentially over λT [48].

Using the transfer matrix formalism [49,50], for homo-
geneous condensates in thermal equilibrium, the fluctuating
thermal phase field of the sine-Gordon model can be ex-
pressed using the stochastic Itô equation [51,52], where
position takes the role usually taken by time:

dφ = A[φ]dx +
√

2Ddx N (0, 1), (2)

where A is the deterministic Q-dependent drift term ob-
tained by diagonalizing the transfer operator (see Appendix B)
and D = 2λ−1

T is the diffusion constant. Heuristically, the
drift term encodes the restoring force of the cosine potential
through the tunnel coupling, while D encodes the thermal
randomization of the phase. In practice, the measured phase
trajectories deviate from the ideal Itô process of Eq. (2),
as the finite resolution and coarse-graining of the imaging
system smooth the underlying fluctuations. Further, the har-
monic confinement of the magnetic trap introduces a weak
density variation; we focus on the central ≈70 µm (35 pixels)
of relative-phase images, where the linear density n varies
between 70 and 140 µm−1.

B. Variational autoencoder architecture

To extract low-dimensional, physically interpretable repre-
sentations from our experimental data, we employed a VAE
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architecture [36], which has proven effective in capturing the
essential features of stochastic physical dynamics [53,54]. A
VAE comprises three main components: an encoder, a latent
space, and a decoder (see Fig. 1). The encoder, built here via
a stack of convolutional and feed-forward layers, compresses
each input phase trajectory into a small set of latent variables.
Such latent space is parametrized by a multivariate Gaussian
distribution, where the mean μi and variance σi of each latent
variable zi are predicted by the encoder. Samples z drawn from
this distribution are then passed to the decoder.

The decoder reconstructs the input from the latent vari-
ables. Importantly, as shown in Refs. [53,54], the decoder
must faithfully reproduce the statistical properties of the
training data to yield a meaningful latent representation. Con-
ceptually, the decoder learns the physical mapping from the
system’s underlying degrees of freedom to the experimentally
observed trajectories. To achieve this, we design it to model
the conditional probability of the next phase increment given
the current phase history and the latent variables,

pθ (�φ j+1 | φ j, φ j−1, . . . , z), (3)

where θ denotes the set of trainable parameters of the decoder.
In this way, the model is explicitly encoding the stochastic na-
ture of the dynamics in its output distribution. In our system,
we expect the next increment �φ j+1 to depend directly on
the present phase φ j , given that the deterministic drift term in
the effective Itô process is a function of the current phase [see
Eq. (2)]. Consequently, we adopt an autoregressive structure
conditioned on past phase values, rather than past increments.
In practice, the conditional distribution is parametrized using
a WaveNet architecture [37], which employs dilated convolu-
tions throughout the previous phase points [shaded region in
Fig. 1(c)] to correctly capture correlations of the data.

The VAE is trained by maximizing the Evidence Lower
Bound (ELBO) [36]. For a dataset of N phase trajectories φ(n),
the loss function reads as

L = 1

N

N∑
n=1

Eq[ln pθ (φ(n)|z)] − βKL[qθ̃ (z|φ(n) )||p(z)]. (4)

This expression contains two contributions: (1) a reconstruc-
tion loss, which maximizes the likelihood of the input data
under the decoder pθ ; and (2) a regularization term, which
aligns the latent distribution qθ̃ (zi) with the standard Gaus-
sian prior p(zi ) = N (0, 1) through the Kullback-Leibler (KL)
divergence. Here, qθ̃ denotes the encoder with trainable pa-
rameters θ̃ . The weighting factor β balances the relative
strength of the two terms. Following Ref. [55], we adopt here
the Total Correlation VAE formulation, which further encour-
ages conditional independence among latent variables (see
Appendix A), typically leading to more interpretable latent
spaces.

In practice, the competition between the reconstruction
and regularization terms in Eq. (4) drives the model to en-
code only the minimal set of latent neurons required to
accurately reconstruct the data. Those neurons that do not
meaningfully contribute to the reconstruction collapse to the
prior, i.e., μi → 0 and σi → 1, becoming passive neurons.
This process effectively filters out noise and redundancies in
the representation. When the dataset is governed by a small

number of hidden degrees of freedom—as in many physi-
cal systems—the active latent variables naturally align with
these underlying parameters [56,57], providing a minimal and
physically interpretable coordinate system for the observed
dynamics. As we will see below, this mechanism enables
the VAE to distill complex, noisy phase trajectories into a
reduced description that correlates strongly with the control
parameters of the sine-Gordon model.

III. RESULTS

A. Training VAEs on experimental interference measurements

We train the autoregressive VAE via Ref. [58] on experi-
mental equilibrium phase trajectories obtained across several
tunnel couplings J [13]. The datasets contain around 103 ex-
perimental trajectories per J . Starting from a six-dimensional
latent space, the VAE robustly collapses all but one neurons
to the uninformed prior. This is shown in Fig. 2(a), where,
for 20 different training initializations, the variances σi of the
collapsed neurons converge to one (orange lines) while the
remaining active neuron za remains at values σa � 1 (blue
line). Hence, for the rest of this work, we will only analyze
the active neuron and also consider that za ← μa due to its
small variance. This result identifies a single dominant degree
of freedom in the input data, consistent with the experiment
effectively varying one control parameter (the coupling J) and
with the sine-Gordon equilibrium process being governed by
the single dimensionless parameter Q. That only one neuron is
active despite experimental imperfections and imaging noise
highlights the ability of the VAE to robustly learn the physical
model underlying the input data even in such challenging
conditions. Indeed, when analyzing the values of the active
latent neuron for the training experimental trajectories, we
observe a broad distribution for all Js, reflecting shot-to-shot
parameter fluctuations of temperature and linear density.

B. Interpreting the physical model learned in the latent space

To interpret the physics encoded in the active latent neuron,
we use the generative capabilities of the model and sample
from the decoder ensembles of trajectories conditioned on a
wide range of latent values za, keeping in all cases the value
of the collapsed neurons to zero.

As shown in Fig. 2(b) (gray line), the coherence factor
〈cos φ〉 computed from the generated samples depends con-
tinuously on za, even when the original training data only
covered, in principle, a discrete set of values (blue horizontal
lines). Notably, za dependence resembles the theoretical rela-
tion between 〈cos φ〉 and Q, up to a sign and an overall scale
(see Fig. 5), a feature that was not enforced but autonomously
learned by the VAE.

To further assess the relation between the active neuron
and the generated phases’ properties, we analyze their dis-
tribution at representative values of za [marked by colored
points in Fig. 2(b)]. Figure 2(c) shows the expected behavior:
At negative za (related to high coherence) phases concentrate
near φ = 0, while at larger za the distribution broadens and
weight near ±π appears, indicating trajectories that cross into
neighboring vacua of the interaction potential.
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FIG. 2. Interpreting the latent space of the trained VAE. (a) Median variance of active (blue) and passive (orange) latent neurons over 20
trained models. (b) Coherence factor 〈cos φ〉 computed from trajectories generated at fixed values of the active neuron za (gray points) and
from subsets of the experimental training data (blue horizontal markers). For each subset, the distribution of activation obtained by passing
the data through the encoder is shown vertically; the distribution area reflects the varying number of experimental samples. (c) Histograms of
generated phases φ for three representative za values. (d) Mean (solid) and standard deviation (shaded) of generated phase increments �φ j+1

as a function of φ j . (e) Circular two-point correlations as a function of distance for the same three representative za values and for experimental
subsets with matching coherence factors. Shaded areas indicate standard error. (f) Connected fourth moment M (4) vs coherence factor for
experimental data (blue) and samples generated from the decoder either from activation za (gray) or values sampled from the distribution of
experimental activations (red). Experimental error bars indicate 80% bootstrap confidence intervals.

The decoder output constitutes an effective Itô-type pro-
cess. To assess the nature of such process and its relation to
the Itô process in Eq. (2), we analyze the generated increments
�φ as a function of the current phase φ (mod 2π ). Impor-
tantly, this analysis is made possible by the model’s ability to
generate a large number of trajectories, providing sufficient
statistics that the limited experimental dataset alone could not
offer. As shown in Fig. 2(d), the mean increment produces a
restoring drift comparable to Eq. (2), with its strength increas-
ing for negative za. Interestingly, the diffusion term, emerging
here from the increment variances (shaded areas), shows a
notable φ dependence, which is absent in the ideal Itô process.
We attribute this dependence to the experimental imaging pro-
cess, effectively mixing the terms of the underlying process.
Indeed, simulations of the ideal process accounting for finite
imaging resolution and coarse-graining [38,59] reproduce this
effect qualitatively (see Appendix B).

An essential feature of this process is the emergence of
long-range phase order associated with finite tunnel coupling,
which is directly reflected in the two-point correlation func-
tion [48]. As illustrated in Fig. 2(e), these correlations decay
exponentially at short distances, then approach a nonzero
plateau set by Q. At larger separations, a slow residual

decay appears, reflecting the weak density inhomogeneity of
the trapped condensates. Phase trajectories generated by the
decoder reproduce these behaviors, confirming that the latent
representation captures both short-range thermal fluctuations
and long-range phase locking.

Beyond such two-point correlations, a defining feature
of this system is the presence of high-order non-Gaussian
phase correlations between the coupled condensates [13,60].
To quantify these correlations, we compute the normalized
connected fourth moment

M (4) =
∑

j

∣∣〈(φ j1 − φ0
) · · · (φ j4 − φ0

)〉
c

∣∣∑
j

∣∣〈(φ j1 − φ0
) · · · (φ j4 − φ0

)〉∣∣ , (5)

where j = { j1, j2, j3, j4} and j1 � j2 � j3 � j4, φ0 indicates
a fixed reference point, and 〈·〉c is the connected correlator. In
Fig. 2(f), we plot M (4) versus 〈cos φ〉 for both the experimental
phase trajectories (blue) and trajectories generated by the VAE
for the same range of za shown in Fig. 2(b). Remarkably, both
ensembles showcase the same qualitative behavior: In the low-
coherence limit, 〈cos φ〉 → 0, the cosine interaction potential
in the sine-Gordon Hamiltonian becomes negligible and the
system reduces to a quadratic Tomonaga-Luttinger liquid
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[41,42]. Hence, higher-order connected correlations, and thus
M (4), vanish. At the opposite extreme, 〈cos φ〉 → 1, the tunnel
coupling strongly locks the relative phase near φ = 0. In this
regime, the cosine potential can be expanded to quadratic or-
der, yielding the massive Klein-Gordon model [61], which is
again Gaussian and produces vanishing M (4). Only at interme-
diate coherence factors, where the cosine potential is neither
negligible nor purely harmonic, do genuine non-Gaussian
states contribute, leading to finite values of M (4).

Interestingly, the generated trajectories produce systemati-
cally lower M (4) than experiment. We attribute such behavior
to the sampling of the generated trajectories being performed
at fixed z, whereas each experimental dataset spans a broad
range of latent activations [see Fig. 2(b)], reflecting variation
of physical parameters within the set. Indeed, when sampling
latent variables from the experimentally observed distribution
of encoded activation values [blue distributions in Fig. 2(b)],
and generating trajectories from the decoder accordingly, the
resulting connected fourth moment M (4) quantitatively repro-
duces the experimental trend.

C. Detecting topological defects via latent representations

Having established that the VAE faithfully reproduces the
equilibrium, measurement-limited sine-Gordon statistics, we
next use the previously trained model as a discriminative
probe for nonequilibrium states. The goal is to assess to what
extent a model trained in a well-characterized regime can be
repurposed to probe more complex and unknown scenarios.
For this purpose, we consider a second experimental dataset
in which the final cooling ramp is ten times faster than in
the equilibrium runs [13]. Such rapid cooling can freeze in
domain regions that settle into different minima of the co-
sine interaction potential. Hence, the phase must wind by 2π

across the domain boundaries, creating topological solitons of
the sine-Gordon model. In this regime, the solitons are static
on experimental timescales and the field fluctuates around
them, representing excitations above topologically distinct
“false” vacua [62]. Although rare at strong coupling, even a
few of such defects markedly alter higher-order moments [13].

We input the fast-cooled trajectories to the equilibrium-
trained VAE’s encoder and compare, in Figs. 3(a)–3(d), the
resulting latent activation histograms (red) to those from equi-
librium data with similar coherence factors (blue). For weak
coupling [Figs. 3(a)–3(c)], the two datasets are nearly indistin-
guishable, as thermally excited solitons are already common
in equilibrium. However, at stronger coupling [Fig. 3(d)],
the fast-cooled data develop a clear second peak at positive
activations in addition to the equilibriumlike negative peak.
As analyzed in Fig. 2(c), negative activations correspond to
trajectories localized near the main vacuum φ ≈ 0, whereas
positive activations signal large phase increments, which, at
strong coupling, is associated with solitonic defects. To con-
firm such behavior, we examine samples assigned to both
peaks, both from its original absorption images [Figs. 3(e) and
3(f)] and their corresponding phase trajectories [Figs. 3(g) and
3(h)]. As shown, while samples with negative za stay in the
main vacuum, positive values lead to trajectories exhibiting
localized 2π rotations that connect neighboring vacua, with
their absorption images revealing corresponding phase slips

FIG. 3. Latent-space discrimination of solitonic defects in fast-
cooled data. (a)–(d) Activation histograms of the active latent neuron
for equilibrium (slow-cooled) and fast-cooled trajectories with
matched coherence factors. (e)–(h) Representative phase trajectories
and corresponding absorption images from the negative-activation
(equilibriumlike) and positive-activation (solitonic excitation)
peaks.

in the interference fringes. Thus, the encoder trained solely on
equilibrium data can identify topologically nontrivial excita-
tions in the quantum simulator.

D. Probing quench dynamics beyond equilibrium field theory

Finally, we turn to a third experimental protocol involv-
ing a sudden quench of the tunnel coupling [38,63]. In this
sequence, the system is first prepared in a fully uncoupled
state J = 0. The magnetic trapping potential is then rapidly
quenched to a configuration with finite coupling J , and mea-
surements are taken at a series of evolution times t after the
quench.

Following the quench, the coherence factor immediately
increases sharply, then continues to grow gradually [see
Fig. 4(a) inset], qualitatively similar to theoretical pre-
dictions [64]. At first glance, conventional analysis based
on the connected fourth moment M (4) [Eq. (5)] yields a
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FIG. 4. Latent-space analysis of quench dynamics. (a) Fourth
connected moment M (4) for postquench experimental trajectories,
compared to equilibrium sine-Gordon predictions from Itô-process
sampling with imaging effects. The shaded area spans λT = 20 µm
(top) to λT = 30 µm (bottom). Rectangles show theory for λT =
20 µm with the same number of samples as in the experiment; widths
and heights indicate 80% confidence intervals. Inset shows measured
coherence factor as a function of time. (b) Latent neuron activation vs
evolution time t for the quench data, with solid line and shaded area
giving the median and 80% confidence interval. Blue distribution:
equilibrium subset with coherence factor matched to the final quench
value.

somewhat surprising result: The postquench trajectories ap-
pear to follow the same functional dependence as equilibrium
sine-Gordon ensembles (see Appendix C), with an effective
coupling strength that evolves in time. Taken at face value, this
would suggest that the system rapidly equilibrates to a thermal
state despite the substantial energy injected by the quench.
Yet such an interpretation is counterintuitive. Starting from
J = 0 means that the relative phase is initially random across
[−π, π ), whereby quenching to finite interaction excites high-
energy modes, likely beyond the low-energy sector usually
captured by the sine-Gordon description. In this regime, mix-
ing between the relative and common degrees of freedom
is expected to play an important role, potentially invalidat-
ing the assumption of an equilibrium sine-Gordon model
[63,65,66].

The latent-space analysis of our VAE provides a com-
plementary perspective [Fig. 4(b)]. Before the quench, the
activations are centered around positive values of za, con-
sistent with weak interactions and large thermal fluctuations.
After the quench, rather than drifting toward negative values

as one would expect from the increased coherence factor, the
latent activations instead remain pinned around large posi-
tive values, even shifting slightly upward. This behavior lies
outside the range spanned by equilibrium datasets (rightmost,
blue points), indicating that the postquench trajectories differ
markedly from equilibrium statistics. Inspecting the measured
trajectories confirm this: Large-amplitude fluctuations seeded
by the initial uncoupled state persist well beyond the quench,
more pronounced than in equilibrium or fast-cooled condi-
tions (see Fig. 7). At larger scales, the phase distribution
evolves from a nearly uniform profile to one peaked around
φ ∼ 0 with small side peaks near ±2π , indicating the pres-
ence of solitonlike windings similar to those observed after
fast cooling.

One possible interpretation is that the system enters a
prethermal state [22,24,67]. Prethermalization refers to the
formation of a long-lived, quasistationary regime where a
restricted set of observables rapidly relax to stationary values,
while full thermalization is delayed by approximate con-
servation laws or weak couplings to additional degrees of
freedom. Such behavior is particularly common in nearly
integrable systems, where weak integrability breaking can
confine dynamics near a constrained manifold for extended
times [68,69]. In our setting, the persistence of stable latent ac-
tivations in Fig. 4(b), together with gradually evolving phase
distributions, is consistent with this scenario: The relative
phase field could quickly settle into a prethermal equilibrium
characterized by large fluctuations and possible topological
excitations, while full thermalization proceeds only slowly
through coupling to the common degrees of freedom of the
two superfluids [64].

At the same time, alternative explanations cannot be
excluded. The discrepancy between correlation-function anal-
ysis and latent-space signatures may also arise from experi-
mental limitations, such as ambiguities in phase unwrapping
for increments near �φ ∼ ±π , which can propagate errors
through entire trajectories (see Ref. [38] and Appendix C).
Although we assessed the robustness of our results by discard-
ing problematic trajectories, such effects remain a potential
source of bias. Furthermore, given the substantial energy
injected by the quench, it is plausible that the postquench dy-
namics simply lie outside the sine-Gordon regime altogether,
meaning that neither M (4) nor the latent representation can be
mapped to equilibrium physics.

Regardless of the precise interpretation, our analysis high-
lights the complementary nature of the two approaches.
Whereas M (4) suggests an equilibriumlike description, the
VAE exposes latent features inconsistent with equilibrium
ensembles, pointing to either prethermalization or a break-
down of the sine-Gordon model. This divergence underscores
the usefulness of ML-based methods as additional probes
of quantum simulators: They provide access to trajectory-
level features that conventional observables may average out,
thereby offering handles on out-of-equilibrium physics. In
regards of the system studied here, and to establish unambigu-
ous conclusions, further experiments are needed. For instance
by introducing smaller quenches that inject less energy into
the system, or with protocols that perform opposite quenches,
from strong to weak tunnelings. Moreover, recent techniques
now permit simultaneous extraction of both relative and
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common phases [20], which would allow a direct test of
whether coupling between the two sectors underlies the ob-
served dynamics. Extending our VAE to a multichannel
architecture could then provide a natural framework for an-
alyzing such joint data.

IV. DISCUSSION

In this work, we demonstrated that a variational au-
toencoder can extract a low-dimensional and physically
interpretable representation of equilibrium phase trajectories
from interference snapshots of tunnel-coupled 1D superflu-
ids, a quantum simulator of the sine-Gordon field theory. By
balancing its reconstruction error with the latent space reg-
ularization, the model autonomously identified the minimal
parameter set characterizing the system, namely, the dimen-
sionless coupling Q, without any prior knowledge on the
underlying physical model. For this, it is crucial that the gen-
erative capabilities of the VAE’s decoder faithfully reproduce
the processes’ statistics, such that the latent space correctly
encodes its physical parameters and not other spurious in-
formation. We achieved this by employing an autoregressive
decoder, ensuring that the resulting phase trajectories can con-
verge to the expected class of stochastic processes. We showed
that the decoder correctly recovers the main properties of the
process, namely, its long-range correlations and non-Gaussian
higher-order moments.

We then applied the equilibrium-trained model to nonequi-
librium regimes. In the case of rapid cooling, the latent
representation revealed soliton defects frozen during the cool-
ing ramp, enabling their identification at the level of individual
trajectories. In a different scenario, where the condensates
undergo a sudden quench of the tunnel coupling, the VAE
exposed a qualitatively distinct latent signature: Despite the
connected fourth moments appearing equilibriumlike, the
latent activation departed strongly from the equilibrium sine-
Gordon snapshots, indicating that the postquench dynamics
may lie outside the effective low-energy theory. Together,
these results show that the VAE provides a sensitive probe
of both equilibrium and nonequilibrium many-body physics
from limited and noisy measurements.

More broadly, this work establishes VAEs as powerful
tools for the analysis of analog quantum simulation. They
address practical experimental challenges such as finite reso-
lution, uncontrolled fluctuations, and scarce sampling, while
remaining agnostic to microscopic modeling assumptions.
This capability paves the way toward data-driven discovery
of physical regimes, particularly in emerging generations of
quantum simulators with unprecedented control and tunabil-
ity. While latent representations may not provide a complete
description on their own, their integration with expert physical
knowledge and complementary ML methods such as symbolic
regression offers a scalable route toward interpretable charac-
terization of unknown quantum dynamics.
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APPENDIX A: MACHINE LEARNING MODEL

The architecture of our model follows closely the convo-
lutional VAE with an autoregressive decoder introduced in
Ref. [53]. For completeness, we summarize the specific design
and hyperparameters used in this work.

1. Architecture

The model consists of three components: (1) an encoder
that compresses each one-dimensional input trajectory of
length L = 35 into a latent representation, (2) a latent space
made of six probabilistic neurons z ∈ R6, sampled via the
reparametrization trick, and (3) a decoder consisting of a
convolutional upsampling stage followed by an autoregressive
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TABLE I. Summary of model architecture and hyperparameters.
B = 512 denotes the batch size. The WaveNet outputs two parame-
ters (μ̃ j, σ̃ j ), parametrizing a Gaussian distribution.

Layer type Output size

Input B × 1 × L

Encoder
4 × 1D conv. (kernel = 3 and stride = 1) B × 16 × (L − 8)
Adaptive pooling (avg + max) B × 16 × (16 + 16)
Flatten B × 512
MLP (200 and 100 neurons) B × 100
Latent distribution B × 12
Latent layer (|z| = 6) B × 6

Decoder
MLP (100, 200, and 512 neurons) B × 512
Reshape B × 16 × 32
Interpolation B × 16 × (L − 8)
3 × 1D transposed conv. B × 16 × L
1D transposed conv. (Nc = 6) B × 6 × L
WaveNet (kernel = 4 and layers = 3) B × 2 × L

module. The architecture of the model is summarized in
Table I.

The encoder comprises four 1D convolutional layers with
16 channels each, followed by an adaptive pooling and a
two-layer multilayer perceptron (200 and 100 neurons). Each
latent neuron is parametrized as a Gaussian distribution with
mean and variance predicted by the encoder.

The decoder mirrors the encoder structure with multi-
layer perceptron (MLP) layers (100, 200, and 512), channel
reshaping, interpolation, and transposed convolutions. The
upsampled latent representation conditions all layers of the
autoregressive module, which is implemented as a WaveNet
[37]. This module uses a single stack of three layers of dilated
convolutions with kernel size 4 that yield a receptive field of
RF = 23. We employ zero padding so that the autoregressive
outputs have the same length as the input trajectories.

2. Loss function

The model is trained by maximizing the ELBO within a
Total Correlation VAE (TC-VAE) objective [55]. Given the
increments of an input phase trajectory �φ, the overall loss
reads

L = Eq[ln pθ (�φ|z)] − β KL[q(z|φ)‖p(z)]

− γ TC(z) − α MI(z; φ), (A1)

with fixed parameters β = 3, α = 10−4, and γ = 0.1, and
where MI is the mutual information between the data and
latent variables based on q.

Here, each input to the model is a full wrapped phase
trajectory φ = (φ1, . . . , φL ) with φ j ∈ [−π, π ], while the de-
coder predicts the sequence of phase increments �φ j = φ j −
φ j−1. This choice avoids issues with phase wrapping at the
±π boundary, since the increment variables are unbounded.
Thus, the reconstruction term is evaluated with respect to the
probability distribution of increments rather than the wrapped
phases themselves.

The decoder parametrizes the conditional probability of the
increments in an autoregressive manner,

pθ (�φ) =
L−1∏
j=1

pθ (�φ j | φ< j, z), (A2)

where each conditional distribution is taken to be Gaussian,

pθ (�φ j | φ< j, z) = N
(
μ̃ j (z, φ< j ), σ̃ 2

j (z, φ< j )
)
. (A3)

The reconstruction loss is therefore the negative log-
likelihood of the predicted increments,

− ln pθ (�φ|z) = −
N∑

i=1

L−1∑
j=1

lnN
(
�φ

(i)
j

∣∣ μ̃
(i)
j , σ̃

2(i)
j

)
, (A4)

which, for a single data point, expands to

− lnN
(
�φ j | μ̃ j, σ̃

2
j

) = ln(σ̃ j

√
2π ) + (�φ j − μ̃ j )2

2σ̃ 2
j

.

(A5)

The minimum of this loss is achieved when the pre-
dicted mean μ̃ j matches the observed increment �φ j , while
a smaller predicted variance σ̃ 2

j reduces the loss further.
In this way, the network learns to output both the most
likely increment and an uncertainty estimate that reflects the
stochastic nature of the experimental trajectories. The TC and
MI penalty terms act to encourage disentangled, minimally
correlated latent variables, while the KL term aligns the ap-
proximate posterior with the unit Gaussian prior.

While the present system is governed by a single effective
parameter, the approach naturally extends to systems with
multiple independent control parameters. In such cases, the
VAE is expected to activate multiple latent dimensions, pro-
vided the reconstruction and regularization terms of Eq. (A1)
are properly balanced.

3. Training

The model is trained on experimental equilibrium trajec-
tories across several tunnel couplings. Each training consists
of 128 epochs with a maximum learning rate of 5 × 10−4,
optimized using Adam [70] and the one-cycle learning rate
[71,72] scheduler provided by fastai [73]. Batch size is
B = 512. All model parameters are initialized using Kaiming
initialization [74] (fan-out mode), with latent variances initial-
ized to zero.

The specific values of the regularization parameters used
throughout this work were determined empirically by train-
ing models with different fixed values of the regularization
weights from the start of training. We selected values for
which the reconstruction quality remained high while the
latent space exhibited a clear collapse of inactive dimen-
sions. Importantly, we verified that the qualitative structure
of the latent space and all physical conclusions reported
in this work are robust against variations of training hy-
perparameters. In particular, models trained with β ∈ [1, 5],
different random initializations, and different latent dimen-
sionalities consistently yield a single active latent variable
correlated with the sine-Gordon control parameter and
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FIG. 5. Coherence factor 〈cos φ〉 as a function of effective inter-
action strength Q of the sine-Gordon model. Phase trajectories are
sampled using the Itô process [Eq. (2)]. The experimental imaging
process is modeled by convolving φ with a Gaussian, then coarse-
graining. On the top x axis, the coherence factor as a function of the
active latent variable z is plotted for phase trajectories generated with
the trained model.

reproduce the same separation between equilibrium and
quench data.

APPENDIX B: TRANSFER MATRIX FORMALISM
AND ITÔ PROCESS FOR THE SINE-GORDON MODEL

The stochastic Itô process used to sample equilibrium
phase trajectories of the sine-Gordon model [Eq. (2)] follows
from the transfer matrix formalism (see, e.g., Refs. [13,51]).
More generally, this approach applies to a broad class of
one-dimensional bosonic systems in thermal equilibrium, for
which the relevant low-energy degrees of freedom can be
described by a classical field theory with local interactions.
Under these conditions, the spatial correlations of the field can
be mapped onto a stochastic process, where position plays the
role of an effective time variable. Here, we briefly summarize
the steps specific to the sine-Gordon case, referring to the
general derivation to these references.

For two tunnel-coupled one-dimensional superfluids, the
classical Hamiltonian reduces under the standard approxima-
tions (decoupling of relative and common degrees of freedom)
to the sine-Gordon Hamiltonian given in the main text. Within
the transfer matrix formalism, thermal correlation functions
are generated by the auxiliary operator

K̂SG = 1

λT

(
−2∂2

φ − 2
Q2

8
(cos φ − 1)

)
, (B1)

where λT = 2h̄2n/(mkBT ) is the thermal coherence length
and Q is the effective interaction strength. The equilibrium
distribution of relative phases is determined by the ground
state �0(φ) of K̂SG, which obeys a Mathieu-type equation.

(µ
m

(µ
m

(µ
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m
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m
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FIG. 6. Phase increments from the Itô process of Eq. (2). The left vertical axis shows the mean phase increment 〈�φ〉 as a function of
the instantaneous phase φ (solid blue), compared to the theoretical drift term A [Eq. (B3)] (long-dashed black). The right vertical axis shows
the standard deviation of the phase increments (solid red), together with the theoretical diffusion coefficient 2D = 4/λT (short-dashed black).
Panels (a)–(c) (top row) present results obtained directly from the Itô process for three values of the effective interaction strength Q. Panels
(d)–(f) (bottom row) show the corresponding results after accounting for imaging effects, implemented by convolving the phase trajectories
with a Gaussian point-spread function to model finite resolution, followed by coarse-graining.
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FIG. 7. Distributions of phase increments and phase values following quench of the tunnel coupling J (purple shaded) compared to slow-
(blue lines) and fast-cooled (red lines) data at similar coherence factor 〈cos φ〉. The phase increments are computed at various distances, such
that �nφi = φi − φi−n. (a)–(d) Phase increments between neighboring points n = 1. (e)–(h) Phase increments at 3 pixels separation n = 3.
(i)–(l) Phase increments at 15 pixels separation n = 15. (m)–(p) Distributions of phase values φ.

By general arguments (see Ref. [52]), the corresponding
Fokker-Planck equation is equivalent to an Itô process of the
form

dφ = A[φ] dx +
√

2D dx N (0, 1), (B2)

with diffusion constant D = 2/λT . The deterministic drift is
given by

A[φ] = −2D
∂

∂φ
ln |�0(φ)|, (B3)

which encodes the effect of the tunnel coupling through the
cosine potential.

Thus, equilibrium phase trajectories of the sine-Gordon
model can be generated efficiently by integrating the Itô
process using the drift determined from �0(φ) and the univer-
sal diffusion constant set by λT . In practice, we use numerical
solutions of the Mathieu equation to evaluate �0(φ) and hence
the drift A[φ] [47].

APPENDIX C: IMAGING EFFECTS
AND SIMPLIFIED MODELING

The relative phase field φ(x) is experimentally accessed
through matter-wave interference imaged on a CCD camera
with finite pixel size �x ≈ 2 µm. This process inevitably
distorts the underlying phase fluctuations of the condensates.
Two main effects are relevant: (1) the imaging system has a
finite point spread function (PSF), effectively a Gaussian blur-
ring with width σ ∼ 3 µm, which smooths the phase trajectory
over neighboring points; and (2) coarse-graining occurs when
the CCD integrates over the size of the individual pixels,
further reducing resolution at length scales smaller than �x.
Together, these effects suppress short-wavelength fluctuations
of the phase field, modify the measured correlation functions,
and can mix drift and diffusion contributions of the Itô pro-
cess for the sine-Gordon phase field [Eq. (2)], leading to an
apparent phase-dependent diffusion term [see Fig. 2(d)].

A comprehensive treatment of the imaging process has
been developed in Ref. [59] and in the detailed discussion
of Ref. [38], where the full absorption imaging dynamics,
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integration along the imaging axis, and technical noise sources
are modeled. Such approaches are necessary for precise quan-
titative comparison of microscopic observables, in particular
when extracting parameters like the effective diffusion con-
stant from first principles.

For the purposes of the present work, however, a simplified
but well-controlled approximation is sufficient. We account
for imaging resolution by convolving the generated phase
trajectories with a Gaussian of width σ corresponding to the
effective PSF, followed by coarse-graining to the experimental
pixel size �x. This procedure reproduces the main observable
consequences of imaging: The change of the coherence factor
is modest (Fig. 5), but higher-order quantities, such as the
variance of increments, are more strongly affected. In particu-
lar, the convolution mixes neighboring phases such that the
measured Itô process acquires an effective φ-dependent
diffusion (see Fig. 6), consistent with the trends seen in
experiment.

Because our VAE is trained directly on experimental tra-
jectories, which already include these imaging effects, the
simplified model is only used when making equilibrium
checks against theory (e.g., Itô sampling). In these cases, the
Gaussian-convolution approach captures the essential impact

of imaging without requiring the full machinery of absorption-
imaging simulations.

Additional effects/defects may arise when the relative
phase is extracted from the absorption imaging (see Ref. [38]
for full details). To extract the phase, the interference pattern
is fitted with a cosine function with a Gaussian envelope,
from which the phase modulo 2π is extracted. In order to
ensure a continuous phase trajectory, it is assumed that the
phase difference between neighboring pixels does not exceed
π . However, in the presence of large fluctuations, found, for
instance, following the quench of the tunnel coupling, errors
in the extracted phase trajectory may occur. In Fig. 7, distribu-
tions of the phase increments before and following the quench
of the tunnel coupling are shown; indeed, no increments with
amplitude greater than π is found. Comparing with phase
increment distributions of the slow and fast cooled data, we do
observe a slightly larger number of increments near the values
φ = ±1, which could indicate an increased number of errors
in the extracted phase trajectories. Nevertheless, compared
to the total number of increments, the number of potential
errors is rather low. Indeed, filtering out profiles containing
increments |�φ| � 0.9π does not significantly change our
results.
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