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We study nonequilibrium quantum dynamics of spin chains by employing principal component analysis on
data sets of wave function snapshots and examine how information propagates within these data sets. The
quantities we employ are derived from the spectrum of the sample second moment matrix, built directly from
data sets. Our investigations on several interacting spin chains featuring distinct spin or energy transport reveal
that the growth of data information spreading follows the same dynamical exponents as that of the underlying
quantum transport of spin or energy. Specifically, our approach enables an easy, data-driven, and, importantly,
interpretable diagnostic to track energy transport with a limited number of samples, which is usually challenging
without any assumption on the Hamiltonian form. These observations are obtained at a modest finite-size and
evolution time, which aligns with experimental and numerical constraints. Our framework directly applies to
experimental quantum simulator data sets of dynamics in higher-dimensional systems, where classical simulation
methods usually face significant limitations and apply equally to both near- and far-from-equilibrium quenches.
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I. INTRODUCTION

Over the last decade, the application of data science meth-
ods to physical phenomena has witnessed a significant surge
across diverse fields [1]. Within the realm of condensed mat-
ter and statistical physics, unsupervised and nonparametric
learning techniques have been utilized to diagnose physical
phenomena, such as identifying phase transitions and critical
behavior [2-7], clarifying the complexity of the problem by
extracting the relevant degree of freedom without relying on
prior knowledge of an order parameter. While by now well es-
tablished at equilibrium, the applicability of these techniques
beyond that has just started to be explored [8—14]. Therefore,
it becomes crucial to delve into the potential of such methods
in more intricate nonequilibrium setups.

Unlike equilibrium systems, where information is encoded
into partition functions, out-of-equilibrium systems [15-17]
pose greater complexity and simultaneously exhibit a wealth
of fundamental phenomena such as dynamical phases of
matter [18-24], anomalous quantum transport, and universal
dynamics [25-49]. Most importantly, such classes of phe-
nomena are immediately accessible to quantum simulators
and computers, where out-of-equilibrium dynamics are often
easier to access than equilibrium. These settings are also
particularly attractive from a data-science viewpoint, as ex-
perimenters are now capable of generating snapshots of the
full many-body wave function via projective measurements
[42,50-55]—which are, however, often analyzed by relying
on specific local and few-body observables. This requires
specific a priori knowledge of the underlying dynamics and
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discards an uncontrolled amount of—potentially critical—
information. Given that such wave function snapshots encode
extensive information about the entire many-body state, sev-
eral questions arise: Can we uncover essential physics solely
from such observations without presuming an order param-
eter? How does information propagate within this data, and
how does it relate to dynamic phenomena such as quan-
tum transport? And, importantly, can we achieve this with
assumption-free and yet interpretable methods?

In this study, we address these questions by presenting a
technique for extracting relevant physics from snapshots of
wave functions during real-time dynamics. Utilizing princi-
pal component analysis (PCA) [56] on collections of these
snapshots, we study the dynamics of information propagation
within the data sets and their connection with the underlying
quantum transport. The simplicity of PCA, which builds on
the singular-value decomposition (SVD) [56], enhances inter-
pretability: this enables a direct link between observations and
underlying physical phenomena that we elucidate analytically
for spin-1/2 systems. Intuitively, the PCA highlights the most
significant degrees of freedom, thereby genuinely identifying
transport carriers if present on the analyzed basis.

The first model we treat as a paradigm for spin transport is
the one-dimensional XXZ chain where the spin hydrodynam-
ics has been extensively studied both theoretically [36,57-75]
and experimentally [42-45,76-78] (for other related models,
see Refs. [53,79-81]). We observe that the Shannon entropy
derived from the PCA spectrum (that we denote as PCA en-
tropy) and the information transfer, defined as the difference
between the largest PCA eigenvalue of the left and right data

©2024 American Physical Society
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sets, increase with the same dynamical exponent as the under-
lying spin transport. Specifically, in the easy-plane case, we
observe a linear growth of PCA entropy and the information
transfer, whereas in the isotropic and easy-axis cases, we
observe sublinear growth with distinct dynamical exponents
consistent with the transport exponent. Furthermore, we estab-
lish an analytical link between the information transfer and the
polarization transfer used in experiments to probe the nature
of spin transport [42].

For energy transport, we study various quantum spin chains
such as Ising [82], XYZ [83], and PXP models [84], where
energy is the sole conserved quantity, resulting in diffusive,
ballistic, and superdiffusive energy transport, respectively. Re-
markably, we observe that the PCA entropy always grows
with the same dynamical exponent as the energy transport,
even at timescales where the conventional measure, i.e., the
energy transfer, does not yet describe the correct universality
class. These observations establish a link between information
spreading within the datasets and energy transport dynam-
ics. Our analysis offers an alternative, practical approach to
investigate energy transport—a task typically challenging to
achieve experimentally, in the absence of major assumptions
on the Hamiltonian form.

Lastly, we incorporate random spin-flip imperfections into
the data sets, often stemming from measurement errors in
experiments. PCA entropy remains robust against such im-
perfections, accurately predicting the correct dynamical spin
or energy exponent even with a moderate amount of spin-flip
errors. This resilience underscores the reliability and applica-
bility of PCA in analyzing quantum transport phenomena in
realistic experimental conditions.

The paper is organized as follows. We provide a general
workflow and define the quantities of interest in Sec. II, fol-
lowed by the applicability of the method for spin transport in
Sec. III and energy transport in Sec. IV. In Sec. V, we discuss
the effect of imperfect measurements. Finally, we summarize
our findings in Sec. VI.

II. GENERAL WORKFLOW: DATA PIPELINE

The workflow outlined in this study comprises three
primary steps: (i) dynamical evolution and wave function
sampling, (ii) data analysis based on PCA, and (iii) extraction
of the relevant physics (Fig. 1).

(i) Dynamical protocol and sampling. The first step in-
volves evolving a quantum many-body state under a given
Hamiltonian H that describes an interacting quantum lattice
model defined on L sites, with some global conserved quantity
Q. In our protocol, we imprint an imbalance of the conserved
quantity Q in the initial state, a standard approach in transport
studies [42,59,85]. For simplicity, in the following we only
consider spin-1/2 (qubit) systems, although our approach
can be extended to systems with a larger local Hilbert-space
dimension [86].

The system dynamics are probed at selected evolution
times via projective measurements on a given basis with
single-site resolution. The outcome of such measurements
are bit strings n = (ny,...,ny), with n; € {0, 1} for j =
1,..., L, which are dubbed wave function snapshots [87].
For each evolution time, the sampled wave function snapshots
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FIG. 1. Schematic of our data-driven framework for diagnosing
quantum transport. (a) We consider quantum many-body dynamics
with an initial imbalance in a global conserved quantity Q. At each
evolution time ¢, the many-body wave function is sampled, e.g.,
via projective measurements in a given basis. (b) Data sets of the
sampled wave function snapshots are then subject to a principal
component analysis. (c) The dynamics of PCA spectral quantities,
such as the entropy S, and the largest eigenvalue A;—quantifying
information propagation—are governed by the relevant dynamical
exponent, allowing us to diagnose the nature of transport without
prior knowledge of an order parameter.
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are organized as the row vectors of a rectangular data matrix,
X(t) = (n®(@)}, where i = 1, ..., N, labels different realiza-
tions. Importantly, specific knowledge of the Hamiltonian H
is, in fact, not needed as long as we have access to the relevant
wave function snapshots.

(ii) Data analysis by principal components. Each data ma-
trix X (to simplify the notation below, we omit the explicit
time dependence unless needed) is then analyzed within the
mathematical framework of PCA. We perform an eigenvalue
decomposition of an L x L, symmetric matrix

Y= ]XTX (D
= .

We sort the eigenvalues of this matrix in nonincreasing order,
Al = .-+ = Ag > 0, where R is the rank of both X and X. In
practice, this is conveniently done via a SVD of X, with A;
determined from the corresponding singular value s; of X,
through A; = ﬁs% The quantities of interest are then defined
from the set of eigenvalues, {A;}. We note that the PCA al-
gorithm above differs from its standard version [56] in that
no centering of the data (removing the sample mean of each
column from its entries) is performed. While this implies that
the result of our analysis is sensitive to the choice of classical
encoding of the observations {n”}, as discussed later on, the
results presented below are, in general, robust for sensible
choices of such encoding.

Throughout our work, we primarily concentrate on the
PCA entropy [11,88,89], which is a Shannon entropy defined
on the normalized spectrum of X, namely,

R
S, =— Zxklnak), )

k=1
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where A; = Ax / >, A;. Note that the set {Xk} formally defines
a probability distribution as A; are non-negative and sum to
one. Additionally, we examine the behavior of the largest
eigenvalue A, which measures the variability (i.e., statistical
information) of the data along the first “principal direction,”
which is determined by the corresponding eigenvector vj.
Both of these metrics, in their respective ways, quantify the
spread of information within the wave function data sets.

(iii) Information extraction. Finally, physically relevant in-
formation, such as dynamical exponents, is extracted from the
temporal scaling of these quantities. Given that PCA identifies
the most pertinent degree of freedom to characterize the data,
the question arises whether transport, in terms of data, can
be considered “simple.” If so, the analysis based on PCA
should yield the correct transport exponents corresponding
to the conserved quantity Q. We hypothesize that this is the
case due to conserved quantities dominating the constraints in
the data set, implying that both PCA entropy and the largest
eigenvalue A; will provide valuable insights. The remainder
of the paper will scrutinize our conjecture for spin and energy
transport in various quantum spin models, and provide analyt-
ical arguments in support of that.

III. SPIN TRANSPORT

We first demonstrate the application of the above
methodology to study spin transport. We consider the one-
dimensional (1D) XXZ chain of L sites as a prototypical
model, with the Hamiltonian given by

H=3 (SIS +SiSL) + 1) 8iSiy. O

Here, Sl{‘, k =x,y,z are spin-1/2 operators at site i, J is
the strength of the interaction in the XY plane, which we
set to J =1 in all our numerical simulations, and J, is the
anisotropy parameter. This model conserves the total magne-
tization along the z axis, i.e., [H, Zi S7]1 =0, and thus allows
the study of spin transport [36,42,57-76].

The behavior of spin transport and universality classes can
be obtained by focusing on the infinite-temperature correla-
tion functions [29,30,36,60,84] or by studying the dynamics
of starting from an initial inhomogeneous state having oppo-
site magnetization in the two halves of the chain [59,85]. Such
an initial state can be written as

p(0) ~ (1 +no)®? @ (1 — no*)®L/2, )

where the parameter 1 controls the magnetization of the chain
with the two halves corresponding to the magnetization 7 /2.
In the limit of n = 1, the initial state reduces to a perfect
domain-wall state.

The nature of the transport is then characterized by looking
at the polarization transfer between the two halves and is
defined as [42,60]

AP(t) =2 [P'(t) — PR@)]. o)

Here, PL/R is the total magnetization variation over time of the
left and right half of the chain, respectively, and is given by

PRy = ) [(Si) — (Si0)] /2. (6)

ieL/R

The polarization transfer grows as a power law AP(t) ~
t'/%, with z being the dynamical exponent, distinguishing
the different transport regimes. For the 1D XXZ model, at
the isotropic point J, = 1, the infinite-temperature transport
is known to be superdiffusive, with a dynamical exponent
z = 3/2 corresponding to the Kardar-Parisi-Zhang (KPZ) uni-
versality class [42,59,60]. On the contrary, for the easy-plane
(J; < 1) and easy-axis (J; > 1) regimes, the transport is bal-
listic and diffusive, respectively [90], with the dynamical
exponent being z =1 and z = 2, respectively. It is worth
mentioning that for the pure domain wall n = 1 and at the
isotropic point J; = 1, the dynamics cross over to diffusion at
long times [91,92]. However, in the experimentally accessible
times, the dynamics remain superdiffusive [42]. Similarly, for
J. > J, the dynamics from a domain-wall initial state are also
frozen. Here we will focus on values of J, 2 J, for which the
polarization transfer exhibits transient dynamics.

In the following, we focus on both the pure domain-wall
initial state and the partially polarized domain-wall initial
state. To simulate the system dynamics, we employ the time-
evolving block decimation (TEBD) method [93,94] for a
system size up to L = 150 and with a truncation error of
10~8. We built the data matrix by a perfect sampling [95,96]
of a matrix product state (MPS) representation of the time-
evolved state at different times, starting from a given initial
state. The perfect sampling algorithm works via systematic
evaluations of the conditional probability distribution in an
MPS. It computational cost scales as Ld x>, where x is the
bond dimension, L is the length of the chain, and d is the phys-
ical dimension (here, d = 2). Thus, for a reasonable value of
X, one can still efficiently sample a MPS-based probability
distribution, even for L ~ 0(10?). Of course, for such system
sizes, we can only sample, in a practical manner, a number
of snapshots, N, < d*. Crucially, this is exactly the regime in
which our method has been devised to work.

A. Pure domain-wall dynamics

We first consider the case of a pure domain-wall initial state
[n = 1 in Eq. (4)] and study the dynamics of the information
propagation at the data set level.

PCA entropy. We plot the dynamics of the PCA en-
tropy S,(¢) in Fig. 2(a) for various interaction strengths J, =
0.5, 1.0, 1.1, corresponding to ballistic, superdiffusive, and
diffusive transport for N, = 2000 samples per evolution time.
As a key observation, we find that the PCA entropy grows
as a power law in time S, ~ tV% and captures the correct
dynamical exponents z; ~ z, for all three cases. Dashed lines
in this figure show the power-law growth with the dynamical
exponent z.

To investigate the dependence on the number of samples,
we fix the interaction strength J, = 1 and plot in Fig. 2(b)
the dynamics of S, for various values of N, = 100-2000. We
see that even for a small number of samples, N, ~ 100, S,
shows a power-law growth with the dynamical exponent z,
close to 3/2.

A more systematic analysis of the dynamical exponent
Bs = 1/z; extracted from the PCA entropy is plotted in
Fig. 2(e) as a function of N, and for a range of system sizes,
L = 50-150. For larger system size and number of samples,
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FIG. 2. Spin transport: (a)—(d) Dynamics of the PCA entropy S, and information transfer A, (¢) for different parameters starting from a
domain wall for L = 150 and J = 1. (a),(c) S, and AA,(¢) on varying the interaction strength J; at fixed N, = 2000. (b),(d) S, and AX,(¢)
on varying the number of samples, V,, at fixed J, = 1.0. The blue markers in (d) correspond to the polarization transfer. (¢) The dynamical
exponent S, as a function of N, extracted from S,(¢) for J, = 1.0. (f) The dynamics of normalized polarization transfer AP, information
transfer AL, (), and entropy transfer AS,(¢) starting from an infinite-temperature state (n = 0.67). The dashed/dotted lines provide a guide

to different transport regimes.

the exponent approaches the correct dynamical exponent 8 =
1/z (marked by the dashed line). Moreover, even for a small
number of samples (N, = 100), the exponent is also quite
close to the dynamical exponent z, suggesting that a limited
number of samples is enough to obtain the information about
the underlying transport. We note that even the larger volumes
are still a few percent off the expected decay: such accuracy
has to be expected, as we are utilizing data over timescales of
the order of 100 J~!, which, likely, limits our accuracy at the
percent level. Additionally, the other source of this departure
from the KPZ dynamical exponent could be because the su-
perdiffusive behavior crosses over to diffusion at a late time
for the domain-wall initial state [91,92]. We do not observe a
clear scaling with N,, but we expect, at least for larger system
sizes, a systematic improvement scaling as +/N,.

Information transfer via largest PCA eigenvalue. So far, we
have analyzed information from the entire wave function. We
now scrutinize how information propagates between the two
halves of the data set. For this purpose, we concentrate on the
largest eigenvalue A (¢) of the matrix of second moments X in
Eq. (1). Motivated by the experimentally relevant observable
AP(t), we define the information transfer as

Ax (1) =2[AT(®) — AF®)]. (7
where AYR(r) := —[A2R(t) — 21/%(0)1/2. Here, we first di-
vide the data set into left and right data subsets that are
comprised of a N, x L/2 matrix each, and compute )Lf/ Rty
of the left/right data subset separately. We purposely focus on
single eigenvalues to test the conjecture: Is spin transport a
simple phenomenon (that is, something that can be accurately
captured by a minimal number of variables in the context of
wave function snapshots) or is it not?

In Fig. 2(c), we plot the dynamics of AX;(¢) as a function
of time for L = 150 and various values of the interaction
strength J,. Similar to the PCA entropy, the information
transfer between the two data subsets happens with the
same growth exponent z. The dependence of the information

transfer on the number of samples is provided in Fig. 2(d) for
J; = 1.0. This plot also shows the dynamics of the polariza-
tion transfer AP(t) computed from our TEBD simulations
(shown by blue cross markers). Interestingly, we find that
the information transfer AA;(¢) not only provides the correct
dynamical exponents for a small number of samples, but also
approximates the polarization transfer AP(¢) quite well.

B. Relationship between information transfer and transport

The agreement between the information transfer and the
polarization transfer can be understood using a fundamental
theorem on SVD, which states that for any matrix A, the sum
of its squared singular values equals the square of its Frobe-
nius norm, i.e., Y- sp(A) = ||A|[z = Y, ;A7 [97]. Since the
entries of the data matrices considered here are O or 1, the
previous result implies that

R ‘ L
io0-Tape(t -3
k=1 ij

where S = NL, vazl Zle %.S:y), with s; € {—1, 1}, is the av-
erage total magnetization estimated from the snapshots. Thus,
applying this result to the left and right data subsets mentioned
above and the fact that 1, = s,% /N,, we obtain

®)

Ry = 1L/2 =01 =Y m o). ©)

k>1

In our numerical calculations, we observe that ), _, Aé (1)~
D kel )»f (¢) for all accessed times. Hence, when considering
the difference A% (r) — AR(¢), such terms cancel each other out
and we get

Ari(t) ~ AP(t), (10)

with the definitions in Egs. (5) and (7). We have also numer-
ically verified this relationship for the case of ballistic and
diffusive transport, respectively.
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FIG. 3. Probability distribution of the entropy transfer AS, be-
tween the left and right data sets. Left: For ballistic transport
(J; = 0.6), the distribution becomes symmetric with skewness 0.069.
Right: For KPZ superdiftusive transport (J, = 1.0), the distribution
becomes asymmetric with skewness 0.305.

Distribution of information and entropy transfer

The above relationship also implies that the distribution
of the information transfer for batches of the data set can
feature the Tracy-Widom distribution, a hallmark of the KPZ
universality class [42]. Interestingly, not only the information
transfer but, in fact, the whole entropy transfer between the
two halves of the system, which considers all eigenvalues and
is defined as

AS,(1) = Sh(t) — SK(@), (11)

where S&/® is the PCA entropy of the left and right data sets,
respectively, follows the Tracy-Widom distribution. We com-
pare the distribution of the entropy transfer for the ballistic
(J; = 0.6) and the KPZ (J; = 1.0) cases in Fig. 3. For ballistic
transport, the distribution of the entropy transfer becomes
symmetric, while for J, = 1, we see the emergence of the
Tracy-Widom distribution, which confirms the KPZ superdif-
fusive transport at J, = 1.

C. Infinite-temperature spin transport

In this section, we consider the infinite-temperature in-
homogeneous state defined in Eq. (4) with n = 0.67. The
evolution of the mixed-density matrix is, however, chal-
lenging for larger system sizes. Instead, here, for numerical
purposes, we start with ensembles of random product states
given by

w(0) = ) 1Y+ 60) @ W(=n.¢)),  (12)

i<L/2 izL/2

with ¥ (=n, ¢0)) = VT F /2| 1) + e ST=072] |),
and ¢; are drawn randomly from the uniform distribution
¢; € [0,2m). Averaging over the ensemble of these pure
states is equivalent to an infinite-temperature density matrix
in Eq. (4) [59].

We consider M = 40 random product states and generate
N, configurations for each ¢;. We build a new data matrix of
size (MN,) x L to perform the PCA. Due to the nature of the
initial high-energy state, the PCA entropy S,(¢) of the full data
set saturates rather quickly and is unsuitable for characterizing
spin transport. We, therefore, rely on the information transfer
between the left and right data sets. Additionally, we also
study the entropy transfer between the two halves of the chain
introduced in Eq. (11).

In Fig. 2(f), we plot the dynamics of the normalized po-
larization transfer, the normalized entropy difference, and the
normalized information transfer for L = 100 and at a fixed in-
teraction strength J, = 1.0. Similar to the domain-wall initial
state, we see that the dynamics of these quantities grow as
a power law, which is close to the KPZ dynamical exponent
(shown as the dashed line) and thus highlights the applicabil-
ity of our analysis for a broader class of initial states.

D. Summary: Spin transport from data sets

In summary, by performing PCA on the data sets represent-
ing the wave function snapshots, we found that the quantities
such as PCA entropy and information/entropy transfer grow
with the same dynamical exponent as the underlying spin
transport. We show this for two different choices of initial
states, namely, the perfect domain-wall initial state and an
inhomogeneous infinite-temperature state. Additionally, we
provide an analytical understanding of the observed features
of the information transfer, which can be approximated to the
polarization transfer.

Since the largest eigenvalue of the PCA spectrum is
enough to extract the dynamical exponent of spin transport,
this implies that spin transport is a fundamentally simple
phenomenon at the data level and can be inferred by dimen-
sionality reduction.

IV. ENERGY TRANSPORT

We now investigate energy transport, focusing specifically
on systems with energy being the only conserved quantity
and systems where energy conservation is accompanied by
magnetization conservation. In general, akin to spin trans-
port, the characteristics of energy transport can be elucidated
by analyzing infinite-temperature energy-energy correlation
functions [82,85]. However, unlike spin transport, which has
been experimentally observed, probing energy transport poses
significant challenges in experiments. It requires the precise
form of the local energy function, which is heavily reliant
on assumptions, and generically requires measurement on all
possible bases, as well as interbasis measurements.

Following the choice of the initial state for the spin trans-
port, we consider the initial state with an energy domain
wall [85] by preparing the left half in the ground state of
Hamiltonian +H and the right half in the ground state of the
Hamiltonian —H, respectively [98]. At r = 0, the two halves
of the chains are joined and the system evolves according to
the full Hamiltonian H. We do not make any assumption on
what the specific form of the Hamiltonian is.

The nature of the energy transport can be characterized
by focusing on the energy transfer between the two halves,
defined as

AE(t) = EL(1) — Eg(7), 13)

where Ej (1) = ZieL/R[(H,-(t)) — (H;(0))]/2 is the total en-
ergy of the left and the right parts, respectively. Starting from
the aforementioned initial state, the energy transfer grows
as a power law AE ~ t!/% where the dynamical exponent
Z provides information about the nature of the transport.
A dynamical exponent of z. = 1 signifies ballistic transport,
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whereas z. = 2 characterizes diffusion. When z, < 2, energy
propagation exhibits superdiffusive behavior, whereas z. > 2
indicates subdiffusive energy transport.

To perform PCA, similar to the previous scenario, we
construct the data matrix by collecting the snapshots on the
o* basis at different times. Notably, in the examined model,
measurements in the o basis suffice to discern the hallmark
of the underlying energy transport. This is one of the key
observations presented in this work. A detailed exploration of
alternative basis choices will be presented elsewhere.

In the following, we consider different quantum many-
body systems featuring distinct energy transport.

A. Energy-conserving models

We first consider systems where energy is the only con-
served quantity and focus on models that exhibit different
types of energy transport.

1. Ising model

We consider a nonintegrable one-dimensional mixed-field
Ising model (MFIM), with the Hamiltonian

L L—-1 L—-1
H=gY of+Y hoj+(h—D)(oj+0f)+]) oic},,.
i=1 i=2 i=1

(14)

Here, g and & correspond to the strength of the transverse
and the longitudinal field, respectively, and J is the strength
of interaction along the z direction. For our numerical sim-
ulations, we fix the parameters J = 1, g = (\/5 +5)/8, and
h=K5+1) /4. In this nonintegrable model, it is established
that the entanglement entropy grows ballistically in time,
while the energy spreading is diffusive (AE ~ t'/2) [82].

2. XYZ model

In addition, we investigate a system wherein energy
transport follows a nondiffusive behavior. To this end, we con-
centrate on an integrable one-dimensional XYZ spin chain,
where energy transport is recognized to be ballistic [83]. The
model Hamiltonian can be written as

H =Y JLojol, +J40]0}, +J0i0],. (15)
where J, =J+6, J,=J -6, and J; are the interactions

along three directions and § is the anisotropy parameter. We
setJ;,J =1, and § = 0.1 for numerical purposes.

3. Kinetically constraint PXP model

Finally, we consider a model where energy transport is nei-
ther ballistic nor diffusive, but the infinite-temperature energy
transport is known to be superdiffusive. We consider a kinet-
ically constrained PXP model [84,99], with the Hamiltonian
given by

H=Q) P 1XPyi. (16)

Here, X; is the Pauli X matrix and €2 is the Rabi frequency,
which we set to 2 = 1. The operators P; = 15" are the local

projectors on ||,) state and discard the possibility of two up-
spins being next to each other.

4. Numerical results

For the models discussed above, we perform the PCA on
the generated data sets using exact diagonalization. Due to
the choice of initial state (constructed from the ground state
of subsystem Hamiltonians +H), we always have a nonzero
initial value of the PCA entropy. Hence, in order to filter out
this entropic contribution, we focus on the dynamics of the
PCA entropy difference, S () =8,1) — 5,00).

We show the dynamics of S',,(t) for various numbers of
samples in Fig. 4, alongside the energy transport AE(t)
[Eq. (13)]. For both the MFIM and XYZ chains, we verify
that the energy transfer grows as a power law with the dy-
namical exponent being z. =2 and z. = 1 [Figs. 4(d) and
4(e)], corresponding to the diffusive and ballistic transport,
respectively. Interestingly, similar to the energy transport, the
PCA entropy difference S‘p(t) also grows as a power law,
~t!/% [Figs. 4(a) and 4(b)], capturing the correct dynamical
exponent z; ~ z.. While for small values of N, = 1000 we
observe large fluctuations, increasing the number of sam-
ples (yet with N, < 2F) reduces the fluctuations significantly.
Furthermore, we observe that the saturation of the PCA en-
tropy and energy transfer happens at different timescales.
The information spreading on the data set with snapshots
only in the o¢ basis happens faster than the energy transfer.
Such difference is likely due to finite volume effects acting
differently on these quantities and not to the reduced statis-
tics of PCA entropies (changing N, has little effect on the
saturation point).

Similarly, for the PXP model, we illustrate the dynamics
of the PCA entropy difference and the energy transfer AE in
Figs. 4(c) and 4(f). The energy transfer grows as a power law
with dynamical exponent 1/z. ~ 2/3 (the discrepancy from
the power law of 2/3 is due to a finite-size effect; see, e.g.,
Ref. [84], which employ MPS simulations for larger system
sizes). Similar to the energy transfer, the PCA entropy dif-
ference also grows with the same dynamical exponent. Thus,
an analysis based on PCA can aid in determining the accurate
dynamical exponent of energy transport and, in fact, can result
as far superior to energy transfer: timescales of the order of
10, sample batches of the order of a few thousands, and sizes
of the order of 30 sites are sufficient to correctly determine a
dynamical scaling exponent. All of these are well attainable
in Rydberg quantum simulators [55].

B. Energy and spin conservation

So far, in this section, our focus has been on systems
where energy is the sole conserved quantity. Now, we aim
to assess the applicability of our analysis in predicting the
nature of transport in systems that conserve both energy and
magnetization. To this end, we turn our attention to the 1D
XYZ chain with § =0 and a fixed magnetization (S°) = 0.
While spin transport exhibits superdiffusive behavior, energy
transport is known to be ballistic in such systems. We examine
the initial state featuring an energy domain wall, but with a
homogeneous magnetization profile [see inset in Fig. 5(a)].
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FIG. 4. Energy transport: Dynamics of PCA entropy S,(¢) and the energy transport AE starting from an initial energy domain-wall state.
(a),(d) For the MFIM, (b),(e) for the XYZ spin chain, and (c),(f) for the PXP model. The dashed lines provide a guide to the different transport

regimes.

We plot the dynamics of the PCA entropy difference S, (1)
for different numbers of samples, N,, and the energy trans-
fer AE in Figs. 5(a) and 5(b), respectively. We observe that
the growth of both quantities follows a linear trend over
time, indicating a ballistic nature of energy transport. In-
terestingly, the saturation time for information propagation
on the data sets is relatively short compared to the energy
transport. Thus, our analysis implies that by introducing a
suitable kink in the density profile of the conserved quantity
Q in the initial state, the analysis carried out here can effec-
tively characterize the underlying transport of that conserved
quantity Q.

FIG. 5. Energy transport: Dynamics of PCA entropy S,(¢) and
the energy transport AE in the XXZ model, starting from an initial
energy domain-wall state, but with a conserved homogeneous mag-
netization profile, as schematically shown in the inset in (a).

C. Summary: Energy transport from data sets

To summarize, in this section, we demonstrate the utility
of PCA for characterizing energy transport in various setups,
conserving only total energy or both total energy and magne-
tization, each with a distinct nature of energy transport. Our
analysis suggests that the information about the underlying
energy transport can be extracted from PCA entropy, which
grows with the same dynamical exponent. In analogy to spin
transport, similar results can be obtained using the largest
eigenvalue, albeit with larger errors.

It is noteworthy to highlight that while spin transport has
been investigated in experiments, observing energy transport
presents a significant challenge. However, our findings indi-
cate that energy transport can be deduced from wave function
snapshots on the z basis, a data type readily accessible in
experiments that offers a promising avenue for studying en-
ergy transport in experiments. And, importantly, short times
and small volumes already indicate the correct dynamical
exponent, in some cases with superior accuracy with respect to
the (experimentally hard to access) energy transport measures.

V. EFFECT OF MEASUREMENT
ERRORS AND ENCODING

A. Resilience against spin-flip measurement errors

In this section, we consider the effect of imperfect mea-
surements, which typically arise in realistic experimental
settings and correspond to random spin slips. In the follow-
ing, we show the robustness of our method in identifying
the correct transport exponent, even with these imperfect
measurements.

To this end, we introduce finite spin flips on our data set at
each time instance. On the data level, this amounts to changing
the bit value (“0” to “1” and vice versa) on a fraction of sites
q that is chosen randomly for each snapshot. Such a flipping
process introduces an extra contribution to the PCA entropy
in the initial state. Therefore, we focus on the PCA entropy
difference S »(t) previously introduced [Eq. (11)]. To illustrate
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tropy difference Sp(t) for imperfect measurement with spin-flip
fraction ¢, for (a) spin transport in the XXZ model and (b) energy
transport in the PXP model. The dashed black line provides a guide
to the power law %/3.

this, we specifically focus on the spin transport in the XXZ
model and the energy transport in the PXP model. We have
checked that similar results hold for the energy transport in
the MFIM and XYZ models.

Figure 6 depicts the dynamics of the PCA entropy differ-
ence S »(t) for the spin transport in the XXZ model [Fig. 6(a)]
and for the energy transport in the PXP model [Fig. 6(b)] for
various flipping fraction g and with a fixed number of samples,
N, = 5000. The dynamical exponent corresponding to the
spin transport in the XXZ model and the energy transport in
the PXP model predicts superdiffusion with z, z. = 3/2. For
both cases, §,(7) continues to grow as a power law even for a
finite flipping fraction g. Notably, despite random flips for the
selected probabilities, the dynamical exponents remain very
close to z, z. & 3/2. A guide to the power law #%/3 is provided
in Fig. 6 by a black dashed line, affirming the robustness of the
PCA method in characterizing the dynamical exponent despite
very considerable imperfections.

While we do not know the origin of the unexpected re-
silience of the protocol to measurement errors, it is worth
emphasizing that at the information theoretical level, principal
component spectra are known to undergo “learning” transi-
tions in specific random matrix models [100]. It would be
interesting to understand whether those transitions are related
to the present observations and if they can provide addi-
tional knobs to control errors in case of other experimental
imperfections.

B. Relevance of the encoding

The results mentioned above were obtained using an un-
centered version of PCA. As noted before, this makes our
analysis sensitive to the choice for representing the classical

datan = (ny, ..., ny). Even when considering only an encod-
ing with n; € {0, 1}, different numerical results are obtained
upon ‘“reversing” our convention, ie., n; — ii; = (n; +
1) mod 2. We found, however, that unless the data matrix
is highly “homogeneous” [i.e., containing an overwhelmingly
larger number of 0’s (1’s) than 1’s (0’s)], the dynamical expo-
nents governing the growth of information spreading in both
cases are consistent with each other. As an empirical obser-
vation, we found better results (smaller fluctuations in the
information-spreading signal) in the representation for which
the data points do not concentrate very close to the origin.
We note that with standard PCA, i.e., centering the data
before performing an SVD on the data matrix X, we were
not able to extract information about the dynamical exponents
associated with quantum transport, at least in the setting con-
sidered in this work. This becomes particularly clear when
considering the information transfer in the XXZ model, whose
relation to the polarization transfer noted in Sec. III B breaks
down upon centering the data. We do not disregard, however,
the potential usefulness of PCA with mean centering in differ-
ent scenarios where statistics around the mean play a central
role, as in the case of fluctuating hydrodynamics [54]. Here,
on the other hand, it appears that the centroid of the data
cloud itself reveals important physical information, and thus,
uncentered PCA does provide informative insights.

VI. DISCUSSION AND OUTLOOK

Utilizing PCA on data sets of snapshots (in the z basis) of
the full many-body wave function, we demonstrate that funda-
mental quantities derived from the singular values of the data
matrix provide knowledge about the information spreading on
the data set and its connection with the underlying nature of
quantum transport of conserved quantities. This suggests that
transport can be viewed as an emergent and relatively sim-
ple phenomenon from the perspective of information theory,
accessible via linear dimensional reduction schemes. At the
conceptual level, we conclude that data information transfer
is dominated by conserved quantities, a highly nontrivial fact
that for the spin-1/2 case, can be analytically connected to the
specific structure of principal component analysis. Our find-
ings are supported by numerical investigations across various
interacting quantum spin chains exhibiting distinct energy or
spin transport.

In terms of application to experiments, our method capi-
talizes on the capabilities of quantum simulators, leveraging
wave function snapshots obtained through in situ and flexible
basis imaging [42,50-55]. Importantly, our approach directly
applies to experimental wave function snapshots of higher-
dimensional quantum systems, where conventional numerical
methods face limitations due to entanglement growth and
exponential scaling of the Hilbert-space dimension. For the
case of energy transport, we identify clear cases where the
latter can be experimentally probed at a quantitative level,
which is otherwise challenging if no input on the exact
Hamiltonian functional is a priori given. Remarkably, for
energy transport, we demonstrate that small volumes and re-
duced statistics are sufficient for accurately determining the
dynamical exponents, suggesting that dimensional reduction
is particularly effective for such dynamics—that is, energy
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transport is simple at the data structure level. This may be par-
ticularly relevant to Rydberg atom quantum simulators [55],
where our method predicts the correct universal properties
already at small sizes, short evolution times, and at the price
of modest statistics, in regimes where even energy transport
measures are failing to get the correct physics.

Our work raises several intriguing questions for fu-
ture exploration. For instance, it prompts investigation into
whether these methods or their generalizations can help in-
fer higher-order correlation functions [101], particle number
fluctuations, and surface roughness [39,41,54,102—-104] to
comprehend fluctuating hydrodynamics. Additionally, it re-
mains to be seen whether these methods exhibit robustness
against dephasing and particle losses: in principle, PCA can
be complemented with specific noise-filtering methods [100],
a particularly attractive tool to mitigate the effect of dis-
sipation effects. Another interesting perspective is to apply
the methods discussed here to dynamical phenomena beyond
transport, including quantum thermalization and ergodicity
breaking, particularly to probe the concept of deep thermaliza-
tion and complete Hilbert-space ergodicity [105-109], which
have strong information-theoretic grounds. We leave these
questions to future investigations.

The simulations were performed using the JULIA ver-
sion of ITENSOR [110,111] and QUSPIN [112,113] libraries,
respectively.
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