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Classical artificial neural networks have witnessed widespread successes in machine-learning applica-
tions. Here, we propose fermion neural networks (FNNs) whose physical properties, such as local density
of states or conditional conductance, serve as outputs, once the inputs are incorporated as an initial layer.
Comparable to back propagation, we establish an efficient optimization, which entitles FNNs to compet-
itive performance on challenging machine-learning benchmarks. FNNs also directly apply to quantum
systems, including hard ones with interactions, and offer in sifu analysis without preprocessing or pre-
sumption. Following machine learning, FNNs precisely determine topological phases and emergent charge
orders. Their quantum nature also brings various advantages: quantum correlation entitles more general
network connectivity and insight into the vanishing gradient problem, quantum entanglement opens up
alternative avenues for interpretable machine learning, etc.
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I. INTRODUCTION

Artificial neural networks (ANNSs) lay the foundation of
cutting-edge machine-learning research and artificial intel-
ligence applications [1—8]. Their successes rely on their
versatile expression and efficient optimization, as back
propagation determines descending gradients collectively
in deep architectures [1-3]. Their complexity, however,
comes at the price of increasing obscurity, obstructing
interpretable machine learning especially desired for scien-
tific utilities. Recently, various studies have applied clas-
sical ANNs to quantum data and systems [9—35], which
generally require suitable bridging or preprocessing for
compatibility [18-35].

Here, we consider a fermion neural network (FNN)
that possesses the benefits of both the classical and quan-
tum worlds. Being a fermion model over a network of
sites (neurons), its model parameters, such as intersite
hopping amplitudes and onsite potentials, grant extensive
degrees of freedom. The input, regardless of quantum or
classical, is incorporated as a part of the model system,
whose resulting physical properties, such as local den-
sity of states (LDOS) or conditional conductance (CC),
exhibit rich expressions and serve as the FNN outputs. Like
back propagation in classical ANNs, we establish efficient
optimization for FNNs following a layered architecture
(Fig. 1). We demonstrate machine-learning applications of
FNNs on classical MNIST benchmarks [36] with excellent
efficiency and accuracy.
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Of note, FNNs can apply directly to quantum data and
systems and offer in situ analysis without bridging or pre-
processing. Such compatibility is valuable for studying
quantum matters whose defining signature is unknown or
unavailable or whose physics is too difficult to analyze,
such as strongly correlated systems. Indeed, we show-
case successful characterizations of topological phases and
emergent charge orders with FNN machine learning. Here,
we analyze interacting FNN-joint models with Matsub-
ara Green’s functions and dynamical mean-field theory
(DMFT) [37—40], especially suitable with the FNN’s large
coordination number and compatible with our efficient
optimization.

The FNN’s quantum nature also entitles a unique per-
spective: quantum correlations generalize FNNs’ archi-
tecture and, like the residual networks [41], address the
vanishing gradient problem [42,43]; quantum entangle-
ment [44,45] delivers interesting practices of interpretable
machine learning [30,46—48], including analysis of train-
ing dynamics, logic flow, and generative criteria.

II. FNN FOR MACHINE LEARNING

Without loss of generality, our FNN model takes the
following form:

H=""tweley + Y pcle, (1)
' r

where ¢, is an electron annihilation operator at site 7. The
hopping amplitudes #,,» = ¢, [49] and 'Fhe onsitg potentials
W, are model parameters up for machine learning, analo-
gous to the weights and biases of a classical ANN. We label
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FIG. 1. FNN is a fermion model on a network of sites (black
dots), whose hopping amplitudes #,» and onsite potentials w,
are parameters for supervised machine learning. It incorporates
inputs as the / = 0 layer. Resulting physical properties, such
as LDOS, serve as outputs, available via Green’s function é(l)
recursively, adding one layer (T—; and H)) at a time with finite
t,,» only intralayer (orange lines) or between neighboring layers
(green lines). For clarity, we show only hopping concerning a
single site (dashed circle).

each site (neuron) with » = (/,m), where / € [0,L] and
m denote the layer and the intralayer coordinate, respec-
tively. We allow finite ¢+ only for |/ — I'| < 1, including
intralayer hopping as in Hopfield networks [50]; see an
illustration of the FNN architecture in Fig. 1.

The input data or quantum system (/ = 0) connects
to the FNN’s first layer (I’ = 1) via the hopping terms
t0.m),(1.m)» after which the entire quantum model’s specific
physical properties represent the outputs. For example, we
may use the LDOS on the neurons in the last layer (/ = L,
m=1,...,My):

1 N
ym=——m[G] @

as categorical outputs—the neuron with the largest LDOS
stands for the FNN’s decision in a classification problem.
Here, [(A}fj,)]m,mr is the matrix element between the (I, m)
and (I',m') sites of Green’s functions G = (z — H)~! for
an overall system H , including /=0,1,2,...,L layers.
Likewise, we may use the FNN’s CC, i.e., the localization
property across its depth:

2

; 3)

y=2.
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as a binary output for an FNN with M; = 1. In supervised
machine learning, we optimize the model parameters so
that the outputs y approach the desired y,,, for a training
set. Thus, we define a loss function L(y, y.») as the diver-
gence between y and y,,, and employ stochastic gradient

descent with its model-parameter derivatives:

oL oL

Al‘rr’:__aA r = - 5
778l‘rr’ " naﬂr

(4)

where 7 is the learning rate. Once the training converges,
we can use the FNNs to analyze test inputs.

Of note, we can evaluate the outputs [Egs. (2) and (3)]
and the gradients [Eq. (4)] efficiently via layer-by-layer
updates of G [51]:

-1
~O _ |7 2 T (S VI
Gz,z = [ZI —H - Tl—le—l,l—lTlfl] >
~ () ~U=1 75 ~ () (5)
Gi,l = Gi,l—l T) HGI,I’

where we arrange H = Hy + Zszl H+T,+ AT;_I in
Eq. (1) into components ; within the /th layer and hopping
7, from the (I+ 1)th to the /th layer. For noninteract-
ing systems, we consider retarded Green’s functions in
z = E + iy at the Fermi energy E plus a small imaginary
part y > 0; for interacting quantum systems, we resort to
Matsubara Green’s functions in imaginary frequencies z =
iwy,. Since the functions mapping each iteration’s outputs
to the next are highly nonlinear, FNNs possess powerful
expressions and chain-rule gradient solutions—merits that
made ANN’s name in machine learning. Also, Eq. (5)’s
time complexity is polynomial in the number of neurons
M in each layer, similar to ANNSs. For regularization, we
include a weight decay A [52] on both ¢#,,» and w,. Further
details are in Appendices A and B.

II1. CLASSICAL EXAMPLES

First, we apply FNN machine learning on MNIST and
encode each image x; € [0,1.0], m = (my,m,) as onsite
potentials of a model:

Hy = Zxrhc;ca, (6)

which is incorporated with the FNN as its / = 0 layer.

We compare different FNN architectures: the first FNN
consists of [100,64,10] neurons in three layers, with
t» fully connecting each neuron to every neuron in its
own and adjacent layers (Fig. 1); we also consider a
more locally connected FNN with [13 x 13,6 x 6,10]
neurons and local hopping among its / = 1,2 layers’ two-
dimensional (2D) lattices; in both FNNs, the / = 3 layer
remains fully connected, whose LDOS represents the ten
MNIST categories. We set n = 0.005, y = 0.005, and A =
0.001. Further details and examples are in Appendix C.

With our efficient optimization, supervised machine
learning achieves high-quality convergence on MNIST.
With a fully connected FNN, we reach 98.13% accuracy
(Fig. 2) [53], comparable with fully connected classical
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FIG. 2. The training loss function, the test accuracy, and the
mutual information [y, between the input (I = 0) and the out-
put (! = L) layers consistently and dynamically depict the FNN’s
convergence on MNIST during supervised machine learning.
The shades represent standard deviation over ten trials.

ANNSs with approximately the same size (approximately
98.47% [54]). Interestingly, we still reach a satisfactory
97.36% accuracy with a locally connected FNN. We
attribute such ease of architectural constraints in FNNs
to quantum correlation, which tends beyond the range of
hopping ¢, via perturbation series.

We emphasize the diverse possibilities over FNN
input and output formalisms. For instance, instead of
Eq. (6), we may encode an image as an external LDOS
field Im(Goo)sz o x(771) coupled to the FNN. The FNN
achieves a higher 98.54% accuracy on MNIST, where
we set n = 0.001, y = 0.001, and A = 0.001; see further
details in Appendix D.

IV. EXAMPLES: TOPOLOGICAL INSULATORS

Next, we train FNNs to distinguish Chern insulators
(Chern number C = 1) and normal insulators (C = 0). For
example, we consider the noninteracting Hamiltonian [18]:

Hy) =Y (=1Ycl o+ [T+ (1Y (1 =] 0
1K
+ (—1)y3 [C;r+5c+ﬁ°7 — c;rﬁ_ﬁc;] +he., ()

ona 12 x 12 square lattice 7 = (x, ), representing a Chern
insulator if « > k¢ = 0.5 and a normal insulator otherwise
at Fermi energy £ = 0. We also add quenched disorder
for a more diverse training set and confirm the disordered
models’ topological categories via the real-space Kubo
formula [18,55]; see details in Appendix E. Such topolog-
ical phases require quantum portrayals hard for classical
ANNSs, whose machine-learning successes usually relied
on presumption-based preprocessing of entanglement [22],

edge states [20,21], or quantum operators [18,24], unavail-
able for general topological phases.

The FNN directly incorporates each sample model as its
[ = 0 layer to offer in situ analysis via designated physical
properties. We first employ an FNN with [100, [64] x 3,2]
neurons in five layers. The LDOS on its two neurons in the
I = L layer represents whether Ho(«) is a Chern insulator.
For such a binary output, we may also use the CC, i.e.,
we want an FNN that localizes (with vanishing Green’s
functions) across its depth if Hy (x) is a normal insulator,
and vice versa. This FNN has [100, [64] x 5, 1] neurons
among seven layers. We set n = 0.001 ~ 0.005, y = 0.01,
and A = 0.001.

After convergent supervised machine learning, we apply
the FNNSs to infer the topological phase of various models.
The phase diagram of clean models achieves 100% accu-
racy and a consistent topological transition at k = 0.5; see
Figs. 3(a) and 3(c). Even for models with moderate disor-
ders, the FNNs with LDOS (CC) output achieves 99.83%
(99.51%) accuracy and 100% (99.99%) test area under the
receiver operating characteristic curve (AUROC) [56,57].
Interestingly, accompanying the change of CC, we observe
a sharp contrast in the entire system’s energy spectra:
while a localization gap around £ ~ 0 commonly exists
[Fig. 3(b)] when the trained FNN combines a normal insu-
lator, a state responsible for Green’s functions’ extended
behaviors emerges at £ & 0 [Fig. 3(d)] when the incorpo-
rated input model is a Chern insulator. Here in Figs. 3(b)
and 3(d), we have chosen a different FNN with 98.1%

0 (a) LDOS criteria (b) Normal case
2 Z 0
= Q
7 0.5 : 5 =
v 500\
0.0 | cmm— . —
Lo (c) CC criteria (d) Topological case
>
< 20l
= o
~ 0.5 . £ —
-5\
0.0  cn——— B . —
0.0 0.5 1.0 0 564
K Eigenstates
FIG. 3. (a),(c) With FNN’s LDOS and CC as outputs, respec-

tively, the ratios of Chern-insulator responses for the clean model
in Eq. (7) over « € [0.1, 1.0] are consistent with the phase dia-
gram with xc = 0.5. (b),(d) With FNN’s CC as outputs, the
energy spectra of the entire system (combining the original insu-
lator and the FNN) differ by the absence or presence of an in-gap
state at E ~ 0 if the input /, is a normal or a Chern insulator. All
results are after successful supervised machine learning.

044002-3



PEI-LIN ZHENG, JIA-BAO WANG, and YI ZHANG

PHYS. REV. APPLIED 20, 044002 (2023)

accuracy for clearer signatures. Such physics is useful for
FNN interpretability, as we will demonstrate.

V. EXAMPLES: STRONGLY CORRELATED
SYSTEMS

Strongly correlated systems pose challenges to con-
ventional analysis and, in turn, bridging or preprocessing
for classical machine learning. However, we can analyze
target properties and phases by FNN machine learning
with direct quantum input. Here, we consider the Falicov-
Kimbal (FK) model on a 2D square lattice [58—62]:

Hy = IZ e, +1 Z e+ hee.
(@) ((ik))

- Z cj_ci + Ef Z n’; + UZ cj_cin’;, ®)

where n’; = {0, 1} is the number of localized f* electrons
at site i. We focus on scenarios where the f* (¢) electrons
are exactly (nearly) at half-filling via adjusting £7 (u). We
set t = 1 as our unit of energy. At temperature 7 =0, a
checkerboard (stripe) charge order emerges at small (large)
next-nearest neighbor hopping, separated by a phase tran-
sition at #./t ~ 0.7 and half-filling; at larger 7, the critical
point broadens into an intermediate region, and the insulat-
ing charge orders may give way to a disordered metal [62].
We further summarize and discuss the phase diagrams of
the Falicov-Kimbal model in Appendices F and G.

We apply FNN to infer a phase diagram versus # /¢ at
low T = 0.005. First, we incorporate H, in Eq. (8) as the
[ = 0 layer of the FNN, which retains the same architecture
as the topological-insulator case—the last layer’s LDOS
signals the checkerboard and stripe charge orders, respec-
tively. In the training set, we include diverse models with
variable 7/t and pu close to half-filling and deep in the
respective charge orders. After supervised machine learn-
ing, we apply the FNN to probe the charge ordering of
models with varying 7 /¢ traversing phase transitions; see
Fig. 4 inset for the parameter settings. In Appendix I, we
also study a metal-insulator phase diagram versus the inter-
acting strength U at relatively higher temperatures (e.g.,
T = 0.11) for the pristine FK model (¢ = 0).

With a finite interaction U present in the / = 0 layer, the
entire FNN system becomes an interacting quantum prob-
lem. Therefore, instead of Green’s functions at the Fermi
energy E, we analyze and optimize the FNN via Matsub-
ara Green’s functions G(iwn) and self-energies X, (iw,) in
imaginary frequencies w, = 27 T(n+ 1/2), n € Z. Such
formalism would also work if interactions were present in
the FNN itself (/ = 1,2,...). Such interactions also help
generalize explicitly beyond the constraints of local self-
energies introduced by DMFT routines. Since the recur-
sions in Eq. (5) remain valid, and the LDOS at site r takes

1.0 train —— infer e
03 0cece eeee
0.8 ‘., oeoe 0o0OO
g ceoe [N N N ]
0.0 | ceoe 0000
0.6 0.00 035 0.80 120
s tit
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02y ®ceo° (DMFT)
coeo tal region
[N Xel . me
ceoe /~. (QMCOC)

08502 04 06 08 10 12
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FIG. 4. Using LDOS as outputs, the FNN’s responses on the
FK models in Eq. (8) indicate a transition from a checkerboard
to a stripe charge order. 7= 0.005 and U = 1.0. The yellow
and green shadows are the disordered transition regions upon the
same model space, as determined by DMFT in Appendix G and
QMC approaches [62]. The upper-left inset shows the training
set in the (¢ /¢, u) parameter space (shaded blue region) and the
choice of i when inferring the phase diagram (red line). j is the
half-filling value of u at U = Ey = 0.

the form [63]

1 ] ~
Z—T) = =Y =1'Gliw,),

)

1
= ——G =
() aT (r,‘c

we can efficiently trace the loss function to FNN param-
eters via the chain rule across multiple n € [—ng, np — 1]
in parallel. We set ng = 20 for demonstrations. Further
algorithmic details are in Appendix H.

Meanwhile, we resort to DMFT for self-energies
¥, (iw,), mapping each site » onto a local impurity prob-
lem with a dynamical environment [37—40]. DMFT may
have limited control over the original quantum systems,
especially in low dimensions. Indeed, comparisons with
controlled quantum Monte Carlo (QMC) calculations [62]
show that DMFT overestimates the small yet finite transi-
tion window between the two charge orders, a reflection
of its approximate nature; see Appendix G. However,
after coupling with an FNN, especially a fully connected
one, the entire system obtains a large coordination num-
ber that makes DMFT more suitable [64]. In practice, we
implement machine learning by alternating between the
gradient-descent optimizations (FNN parameters) in real
space and DMFT calculations (self-energies) in imaginary-
frequency space and establishing consistency between
them; see details in Appendix H. Such a quantum many-
body algorithm does not resemble any classical ANNS.

A well-trained FNN can deliver consistent and confident
results on FK models in either the checkerboard or stripe
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charge-ordering phase, achieving both 100% test accuracy
and AUROC. We summarize the results in Fig. 4. We
emphasize that our analysis generally differs from direct
implementation of DMFT upon the target models (Fig. 4
and Appendix G), neither does the FNN make decisions
by the (residue) order parameters presented in its /=0
layer, which essentially vanishes and leaves no trace of
the suggested phase diagram—once incorporated into an
FNN, the physics of the quantum model as a part of the
overall system differs drastically from its independent self.
Instead, we establish direct connections between the target
physics and FNN outputs via supervised machine learning,
an unprecedented perspective for strongly correlated sys-
tems, where QMC is commonly unavailable due to the sign
problem and ED and DMRG are limited to small systems.
In addition, due to competing orders and domains, real-
space implementations of DMFT are sometimes unstable
and hard to converge and evaluate; FNN machine learning
fully circumvents such difficulties.

VI. PHYSICAL INSIGHTS AND
INTERPRETABILITY FROM FNN MACHINE
LEARNING

FNN also offers physics insights into the vanishing-
gradient problem—decreasing gradients on layers farther
from outputs, which had plagued deep ANNs until con-
volutional neural networks [36,65] and residual blocks
[41]. Similar vanishing gradients known as barren plateaus
also afflict quantum circuit optimization [66—68]. From a
response-theory perspective, the correlation between out-
puts and model parameters naturally decays with their
distances on FNNs respecting locality over the layers.
However, as the CC’s contributions distribute across the
entire depth, such outputs depend more evenly on param-
eters from all layers. Indeed, as shown in Fig. 5(a), a
sharp contrast emerges between the gradient distributions
among FNNs (with CC output) and classical ANNs during
supervised machine learning. We discuss the mechanism
behind the physics and differences from residual blocks in
Appendix B.

In addition, FNNs allow alternative quantum perspec-
tives for interpretable machine learning. For example,
mutual information measures the entanglement between
subregions A4 and B [69,70]:

Ly =S4+ Sp — Sus, (10)
where Sy = —tr(p4log p4) and p4 = tr;(p) are the entan-
glement entropy and (reduced) density operator on A.
Thus, the mutual information /y; betweenthe / = 0 and [ =
L layers evaluates an FNN’s capacity to orderly transform
inputs into outputs, an alternative measure of machine-
learning progress; see Fig. 2 for such midtraining dynam-
ics. Similarly, given a target input, we can use mutual

(a)

I NN
ANN

0.15

0.05 I

0.01 I I I
0.00 i 3

Gradient

=-I
4 5 6

Layers

m— Designed

Random

0.00 N

FIG. 5. (a) The (modulus) gradient distributions among ANN
and FNN (with CC output) show the former’s vanishing gradient
problem and the latter’s more even distribution, which achieves
similar effects as residual networks despite sequential architec-
tures. The results are averaged over the first three epochs and
normalized with the last layer’s values (not shown). We employ
identical architecture, initialization, and models for ANN and
FNN and preprocess the former’s dataset through quantum oper-
ators [18]. (b) While random perturbations topple a near-critical
Chern insulator ¥ = 0.52 2 k¢ quickly, perturbations following
the Chern-insulator criteria generalize the topological phase until
much larger strength w. We may track the transition with the
spectral gap or FNN output.

information to simplify and visualize the logic flow along
FNNs, as we demonstrate in Appendix J.

FNNs with CC outputs [Figs. 3(b) and 3(d)] also support
physics-guided interpretive and generative machine learn-
ing. For example, we can formulate Chern-insulator crite-
ria from trained FNNs. As we have discussed in Sec. IV,
the target CC behavior requires an emergent state at £ ~ 0
[Fig. 3(d)], which suggests the Hamiltonian of the overall
system possesses a zero eigenvalue:

H T
det (? 0 > =0,

when the input model Hy is a Chern insulator. Here, T,
is the hopping from the FNN first layer (/ = 1) to the
input model (/ = 0), and vice versa for f"g. ﬁllzl is the
Hamiltonian of the / = 1,2, ..., L layers of the FNN. Vital
information condensed from supervised machine learning
is encoded in ﬁ;zl, 7’0, and Tg.

To see what kind of A, satisfies Eq. (11), we note that
for a given Chern insulator ﬁICh that satisfies Eq. (11), the

(11
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models,

Hy = Hey + Zwiil&' + w;ﬁi’;’ (12)

1

also satisfies Eq. (11) for small w;, and should also be
determined by the FNN as a Chern insulator. Here, fz,- (i=
1,2,...) are normalized columns linearly dependent on
the overall Hamiltonian in Eq. (11). We also require the
single-column matrices hs; are physically local. Interpre-
tive criteria such as Eq. (12) empower us to employ an
FNN, trained for discriminative objectives, as a generative
model. We can add perturbations following such criteria to
generate alternative Chern-insulating models, like image
Al generates other pictures with the same contents but
modified styles [71].

To verify, we start with a Chern insulator ﬁch close to
the topological transition, e.g., Eq. (7) with ¥ = 0.52, and
evaluate the consequences of perturbations either random
or directed by the criteria in Eq. (12). While random per-
turbations generally harm the Chern insulator and topple it
relatively easily, the designed perturbations keep the model
steadily in the topological phase until the amplitude of the
perturbation becomes fairly large; see Fig. 5(b).

VII. DISCUSSION

We have shown that FNN inherits classical ANNs’ effi-
cient optimization and powerful expression while exhibit-
ing applicability in both classical and quantum worlds.
By direct quantum input and offering in situ machine
learning, FNNs not only retain a potentially advanta-
geous quantum perspective on quantum problems [72—83],
but also forego the costly and knowledge-reliant prepro-
cessing, such as projective and response measurements
on the original quantum systems. Also, we can choose
physical measurables with readily available response mea-
surements as FNN outputs [84—86]. By implementing
FNN machine learning in quantum experiments and sim-
ulations, we make identifying physical properties and
phases, sometimes complex with current instruments
and routines, much more straightforward. For example,
such modules will be convenient for analyzing quan-
tum neural networks and circuits [87-95], whose other-
wise projective measurements are challenging and require
postprocessing.

With nondynamical and local setups, FNNs are viable in
analog quantum simulations [96,97], which have recently
exercised precise controls [98,99] and reached hundreds of
sites [100—102], especially in quantum dot [98,103—107]
and Rydberg-atom arrays [99—102,108—112]. Finally, FNN
machine learning offers an efficient avenue for designing
functions, such as CC, in quantum systems.

ACKNOWLEDGMENTS

We thank Zhenduo Wang for insightful discussions, and
support from the National Key R&D Program of China
(Grant No. 2021YFA1401900) and the National Natural
Science Foundation of China (Grants No. 12174008 and
No. 92270102). The computation was supported by the
High-performance Computing Platform of Peking Univer-
sity. The source code is available in Ref. [113].

APPENDIX A: FNN REGULARIZATION

Regularization plays a vital role in reducing overfitting
and reaching optimal performance in supervised machine
learning. Common regularization approaches for classical
ANNSs are weight decay [52] and dropout [114]. Noting
the similarity between FNN’s 7 7—1 and I:Il with classical
ANN’s weights and biases, we have studied carrying over a
weight decay during FNNs’ supervised machine learning.
Indeed, we have observed improved results by including

(@) 098 Tk
& 5
g 0.93 = [
g Y 505
< wn
% Test acc é’
= 0,88 —— Loss func
’ Mutual info
0.0
0 50 100
Epoch
(b)
0.98 0.4
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S 0.96 2
= 0.2 g
5 )
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——— Loss func
0.94
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FIG. 6. The FNN performance on the MNIST dataset receives
an additional boost by including a weight decay A = 0.001 as
regularization. In comparison to Fig. 2 (image input as onsite
potentials) and Fig. 8 (image input as an external LDOS field),
the FNNSs trained with A = 0.001 are generally capable of achiev-
ing higher test accuracy at convergence.
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a small weight decay of A = 0.001 in various scenarios;
see Fig. 6 for examples. In addition, most of the optimal
results in Tables I and II are obtained with the weight
decay. As a caveat, we also observe increased fluctuations
in midtraining performances with such regularization.

Another regularization is the small imaginary part y
added to the energy E. Physically, such y introduces a
finite level width, reduces singularities, and may originate
from the averaged effect of random quenched disorder.
Like dropout introduces effective averaging over multiple
descendants of a classical ANN, a proper value of y may
represent an average over various random disorder config-
urations over the FNN, thus reducing sensitivity towards
details and enhancing generality. A closer comparison with
dropout for classical ANNs would suggest training with
variable disorder configurations, which are then replaced
with a corresponding y for tests and applications. We leave
such endeavors and more thorough investigations on FNN
regularization to future studies.

APPENDIX B: GRADIENT CHAIN RULE FROM
RECURSIVE GREEN’S FUNCTIONS

To characterize the quantum model in Eq. (1), we can
evaluate the expectation values (®|O|®) for the many-

fermion ground state |®) = ]_[en <E cl|0), where c,T, corre-

sponds to the energy eigenstates 4 = >on enc,T,cn and we
set the Fermi energy £ = 0. Alternatively, we may resort
to Green’s functions:
—1
G@) = (zi - H) , (B1)

where z = E + iy possesses a small imaginary part y > 0
that attributes a finite level width and avoids singularities
for retarded Green’s functions, or z = iw, for Matsubara
Green’s functions.

The recursive Green’s function method [51] derives
Eq. (B1) via recursion. Starting from the system’s first
layer, the recursive expressions (i,j < N):

-1
A (N) 5 _ AT AW=D)
GN,N: [ZI—HN—TN lGN ILN— 1TN71] >

~N) _ AN-D A ~N)
GiN - GiN lTNflGN,N ’

(B2)
(N) (V) 7t N-1)
G GNNTN lGN—l,/' >
™) _ (W-1) WN-1#7 AW 7if W-1)
GiJ - Gi,i + Gi,Nfl Ty 1GyyTy_ IGN 1

yield Green’s functions of a system with the first N layers:

AN) AN) AN
GO,O GO,N -1 GO,N
AN : . : :
G = AN AN) A > (B3)
GN—lO GN—I,N—I GN—l,N
AN) AN) AN)
GN,O GN,N—] GN,N

given those of a system with the first N — 1 layers,

G e
GV = : : (B4)
(N=1) (N=1)
GN 1,0 G -1,N—-1

adding one layer at each iteration until we reach the entire
system (N = L), whose physical properties correspond to
the FNN outputs. In practice, one first solves for GN ~ In
the first line in Eq. (B2), which is then plugged into the
second to last lines.

Such iterative dependencies also allow us to utilize the
chain rule and collectively obtain the differentials of the
loss function £ with respect to the FNN parameters implic-
itly in 7 and A, whose definitions are below Eq. (5). For
convenience, we define the following real matrices [115]:

Re (jﬂN71> Im (TNfl)
—Im (i—vj\],l) Re (%Nfl) ’

Re ([A‘IN) Im ([A‘IN>
HM — ’

—Im (HN) Re (HN)

V-1 —

w(E) (et
oM — € GN,N m GN,N _ (X(N))—l
Cm (@) Re(60) /

NN NN

XM = 2] —H® _ (TO-D)T @W-DTN-D |
) V)

o [ R (G)  m(G)

o) ety

oN

— YN-DTN-Do®) |
(B5)

where X Y™ "and O™) are the input and output of the
Nth iteration [first two lines in Eq. (B2)], with parametric
dependence on the Nth layer.

First, we consider the case where the FNN outputs y are
the LDOS over the M} neurons in the last layer N = L; see
Eq. (2). £ depends explicitly on y, e.g., a mean-square or
cross-entropy error loss function. With the chain rule, we
have

oL _ aL 0w — MM
oT"™ " a0 ey DY
AL AL oW (B6)
— mn (N),B(N)--,
o aoh) aHM ™
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where

M,
L _ S 0L Yk

— OV 0L

mn —

_ XL: % 8k+ML,m(Skn - 6km8k+ML,n
= 0k T
oL 6n+ML m 8m+ML n

= = D 2 B7
. - B7)

and the rest (N < L) are obtainable via a second (back-
ward) recursion:

(N+1)
N) _ L _ (N+1)80k1
mn T N) — ki N
0w G 905,
N+1) _ (N+1
= El(fl yk(l mn )‘ (BS)

kl

We note that the values of «, 8, and y necessary for
Egs. (B6) and (BS8) are fully determined in the previous
recursion towards the FNN outputs:

Eonjj = 57N-D
y
_ (N) W) N—-INT HN-1)
- - X ool [y o],
j2
+ oM oW [O(N—I)T(N—l)]
mj ~pn ip
g _ 905 _ )y
mnyijj — 8H~(~N) — Ymi “jn >
N+ 80(N+1) ZO(NH)O(NH) (T(N)) Fall
Yidmn = = O(N) pm ~nq >
mn
(B9)
where we have employed the following formulas [116]:
(N
aOr(nl\*;) — N) o)
mp Zqn
90X
)
%y _ -5 [(;«N—l))Toav—l)]
a7 D
+8 [0MTPTD]
)
OH;
AX WM
pq N—1) N-1)
aO(N—l) - (T( )pm T’(”q : (Blo)
mn

Next, we consider the case where the FNN output takes the
form of the CC, Eq. (3). Once again, we apply the chain

rule to get

oL _ st o ot ony
a1 D~ 9y av® Loyl oD
Ly o o

oY aon,) ar Y

ki

klLuv * ui

0L
=3 Z Yo [euv) y - 1>O<N>

) (N’,N) )
+ Z ekluv uv,mn amn,zj]’

oL aﬁz dy XL: YL 9y sow
ot vy | S o a0

Iy i OHY)
L) (N (N',N) p(N)
= Z Yl(cl |: Z ekl uv l(lv mn) mn,ij:| >
(B11)

where

L)
g0 _ 2y

kluv — Y(L) = Skubu »
uv
Ay (B12)
"N _ — 1) (N’ -1
¢1f:]1:[,m]x) - 80(}\// ‘Svn Z Y(N )T;(afx )
mn

and the rest (N < L for6 and N < N’ for ¢) are obtainable
via (backward) recursions:

L) N'+1)
wy Yy w1 Yoy
kuv — Ny klpq N')
v 4 vy
_ (N'+1) H{(N") A(N'+1)
= 0 T 0N
qr
! 8Y(N/) !
(N'.N) _ _ (N'.N+1),, (N+1)
D’ =~ o0 = D gl WD (B13)
mn

rq

Interestingly, due to the extra summation of N’ from N to
L in Eq. (B11), an earlier layer receives a concentration
and boost in its corresponding differentials from multiple
channels contributed by all later layers (Fig. 7), thus cir-
cumventing the gradient decay like in classical ANNSs; see
Fig. 5. Such multichannels of gradients towards the earlier
layers are also present in residual neural networks [41] via
additional connectivity in ANN architecture. In compari-
son, despite simple FNN architecture with local connectiv-
ity, we may still achieve additional gradient contributions,
emerging not as a consequence of long-range connectivity
but as the CC’s characteristic global dependence.
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(a) FNN-CC

(b) ANN

N L1 L

FIG. 7. Compared to (b) a conventional deep ANN, where the
gradients pass to earlier layers via a single channel and thus
inevitably decay over distances, (a) an FNN with CC output pos-
sesses multiple channels thanks to the summation over N’ in
Eq. (B11).

APPENDIX C: FNN ARCHITECTURES

We study more FNN architectures to compare the effect
of connectivity and locality on machine-learning perfor-
mance. We consider FNNs with the neurons in each layer
forming a 2D square lattice and either no intralayer hop-
ping (unconnected), nearest-neighbor intralayer hopping,
or nearest and next-nearest-neighbor intralayer hopping.
We also consider two interlayer connection formalisms:
first, we consider FNNs with [14 x 14,7 x 7, 10] neurons
per layer, and tree-type interlayer hopping—each neuron
in the first (second) layer connects with 2 x 2 neurons in
the zeroth (first) layer and without overlap; then, we also
consider FNNs with [13 x 13,6 x 6, 10] neurons per layer,
where the neighboring neurons’ interlayer partners share
an overlap—interlayer #,,» connects neuron at (mi,m,) in
the first (second) layer and neurons at (m),m}) in the
zeroth (first) layer, m; € [2m; — 1,2m; + 2] (m} € [2m; —
1,2m; + 1]). In all scenarios, the / = 3 layer consists of
fully connected neurons whose LDOS represents FNNs’
classification outputs.

Applying such FNNs to supervised machine learning on
the MNIST dataset, encoded as onsite potentials as Eq. (6)
an external LDOS field in Appendix D, we summarize
the optimal performances in Tables I and II. We note that
poor connectivity, e.g., the tree architecture (“tree column”

TABLE I. FNNs’ accuracy on the MNIST test dataset shows
relatively insensitive dependence on the architecture—the degree
of locality and connectivity. The image’s pixel grayscale is
encoded as the zeroth layer model’s onsite potentials; see Eq. (6).

Interlayer
Intralayer Tree Overlapping
Unconnected 93.43% 97.17%
Upto nearest neighbor 95.61% 97.26%
Upto next nearest neighbor 96.19% 97.36%

TABLE II. FNNs’ accuracy on the MNIST test dataset shows
relatively insensitive dependence on the architecture—the degree
of locality and connectivity. The image’s pixel grayscale is
encoded as an external, static LDOS field coupled to the FNN’s
first layer; see Appendix D.

Interlayer
Intralayer Tree Overlapping
Unconnected 93.40% 97.84%
Upto nearest neighbor 96.27% 97.68%
Upto next nearest neighbor 96.16% 97.72%

and “unconnected” row), may adversely impact the FNN
capacity—such locality is too strict to allow sufficient cor-
relations between neurons in the first layers. Fortunately,
unlike classical ANNs, FNNs allow intralayer connec-
tions in addition to interlayer hopping, which we observe
bears more significant contributions. Given sufficient con-
nectivity above the tree architecture, FNNs’ performances
increase quickly and saturate to the level of fully con-
nected FNNs. Further reduction of locality tends to receive
a diminishing margin.

APPENDIX D: FNN INPUTS: ENCODING
CLASSICAL DATA AS EXTERNAL LDOS

Given a classical training set, there are diverse encoding
methods for FNNs’ inputs. For example, in addition to the
onsite potential 1 of a model, we may also regard each
sample as Im((A}oo),;,,;, = —m - x(m), an external and static
LDOS field coupled to the FNN’s first layer (/ = 1) via Ty
and T, g , the hopping between the / = 0 and / = 1 layers.
As such inputs do not specify an explicit Hp, the mutual
information /o, between the input and output layers is no
longer directly available.

Applying such encoding to the classical MNIST dataset,
we carry out supervised machine learning with FNNs and
settings similar to Sec. III. The LDOS over the ten neu-
rons in the last layer serves as outputs. We summarize
the performance on training and convergence in Fig. 8.
With adequate tuning and training, FNNs can achieve
98.54% accuracy on the MNIST dataset, fully comparable
to classical ANNs with similar scale and complexity.

We have also investigated adding nearest-neighbor hop-
ping to the onsite potential Hamiltonian in Eq. (6). The
performance remains on par with the scenario without such

hopping.

APPENDIX E: TOPOLOGICAL PHASES OF
DISORDERED MODELS

To increase the diversity of the insulator models in
Eq. (7), we also include in their Hamiltonians the following
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FIG. 8. The loss function on the training set and the accu-

racy over the test set consistently demonstrate the convergence
of a fully connected FNN in supervised machine learning on the
MNIST dataset encoded as external LDOS. The shades illustrate
typical standard deviation over ten trials.

terms on random quenched disorder:

o M+ D @ 1
Hys =) w e e+ wj Crp G+ Wr Chygy5CF
7

-2t
TWr Gy

i +he +wi¥cle, (E1)

where W € [—Wo, W], wi e [-W1, W], €
[—W,, W,] are perturbations to the onsite potential,
nearest-neighbor hopping, and next-nearest-neighbor hop-
ping, respectively. In practice, we set W, € [1.0,3.0],
Wy €10,1.0], W, €[0,0.5].

Since such disorder may modify the topological char-
acter of a model, it may be rash to determine whether
samples with A are Chern or normal insulators just with
their « value in the clean limit. Instead, we employ the
real-space Kubo formula [18,55] to evaluate the transverse
conductance in accord with the Chern number:

(+2)
wr

c= i
N

ki

kPPl Sajui, (E2)

where Py = (c;-rck) is the two-point correlator between
sites i and j, Sxjw is the signed area of triangle jk/, and N is
the total number of sites. Given the locality of the insulator
models, we limit the summation in Eq. (E2) to triangles
no larger than a cutoff length scale d = 3 for simplic-
ity. Finally, for model samples with an apparent spectral
gap and 0.7 < C < 1.0 or 0 < C < 0.3 after the cutoff, we
include them in our training set as Chern insulators and
normal insulators, respectively.

APPENDIX F: PHASE DIAGRAMS OF THE
FALICOV-KIMBAL MODEL

The Falicov-Kimbal (FK) model has a long and suc-
cessful history in the studies of correlated electron sys-
tems, with a broad range of applications in the context of
metal-semiconductor transition, binary alloys, crystalliza-
tion, etc. As a variant of the Hubbard model, the FK model
in Eq. (8):

Hy = tz cle; +1 Z cler +hee.
(@) ((ik))

—nycetE Yy a +UY cen.  (F1)

characterizes a quantum many-body system with two
species of electrons—the itinerant ¢ electrons and the
localized f* electrons—interacting with each other. With-
out loss of generality, we focus on the FK model at exactly
half-filling on a 2D square lattice, where the number of f
electrons is equal to the number of ¢ electrons, and their
sum is equal to the number of lattice sites.

First, we focus on the pristine FK model with the next-
nearest-neighbor hopping # = 0. At sufficiently low tem-
peratures, the half-filled FK model possesses a long-range
charge order, i.e., the electrons form a checkerboard pat-
tern [Fig. 9(b) inset], the same as in the ground state. The
system enters a disordered metal phase at higher temper-
atures through a metal-insulator transition. The transition
temperature 7¢ depends on the interaction strength U. We
set t =1 as our unit of energy, like in Sec. V. A gen-
eral solution to the FK model is not known. Fortunately,
a controlled analysis of the FK model on a 2D square
lattice is available within the quantum Monte Carlo frame-
work—after integrating out the ¢ electrons, we can sample
the f -electron configurations without the sign problem
[62]. According to the presence and absence of the order
parameter, the established phase diagram is in Fig. 9(a)
and compared with the approximate DMFT results, as
discussed in Appendix G.

It is also interesting to take the next-nearest-neighbor
hopping ¢ into account in addition to the nearest-neighbor
hopping ¢. In the limit of small 7/¢, we expect that the
checkerboard charge order still dominates in the ground
state or at low temperatures. In the opposite limit, however,
the ground state will have the form of vertical or horizontal
stripes. We set U/t = 1 as in Sec. V, and the QMC phase
diagram [62] is in Fig. 9(b): the two distinctive charge
orders are separated by a phase transition near ¢¢/t ~ 0.7
at T — 0; at higher temperatures, the critical point expands
into a transition region, where the system evolves into a
disordered metal. In practice, we strictly enforce the half-
filling condition for the localized f* electrons via adjusting
Ey, while relaxing the half-filling condition for the itin-
erant ¢ electrons to a degree by varying u a bit (inset of
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FIG. 9. (a) The phase diagram of the pristine FK model (¥ =

0) in terms of the temperature 7 and interaction strength U con-
sists of a disordered metal phase at higher temperatures and an
insulating charge order at lower temperatures. The dashed line at
T = 0.11 corresponds to the phase space we study in Appendix I
using FNN machine learning. (b) The phase diagram of the
FK model in terms of the temperature 7" and the next-nearest-
neighbor hopping # consists of two charge orders—checkerboard
at small ¢ /¢ and stripe at large ¢ /t—separated by a critical point
at 7 =0 that expands into a transition region at finite 7. The
dashed line corresponds to the temperature 7 = 0.005, where
we analyze the FK model’s charge orders using FNN machine
learning. The figures’ data is partly obtained from Ref. [62].

Fig. 4), as long as the charge orders remain stable. Such
variations yield more diverse models for the training set.

APPENDIX G: DMFT RESULTS OF THE
FALICOV-KIMBAL MODEL

Dynamical mean-field theory (DMFT) maps a strongly
correlated lattice model, intractable in general, to a
(series of) local impurity problems, such as the Ander-
son impurity model, solvable through various schemes.
In doing so, we assume the lattice self-energy is a

Input: .
Lattice problem Ho with local interaction U as local im-
purity models over My respective sites, temperature 7T,
Fermi energy u, update rate A, and convergence criteria e
Output:
self-energies 3 (iwy ) and Green’s functions Gioc(iwn)
1: Initialize X(iwy,) for each of the My sites;
2: repeat
3: Groc(iwn) = [iwn + - Hy - diag (E(iwn))];;
: Go' (iwn) = Gr (iwn) + = (iwy ) for each local impurity;
Determine Ej for (a7) = 1/2 via binary search;
n 1-n

4
5
6: GimI’(lwn) = gal(iwn)—U + gal (iwn)
7
8

for each impurity;

: S(iwn) < (1= A)B(iwn) + A[Go ' (iwn) = Gy (iwn) |5
cuntil Y, |Gimp (iwn) = Groc(iwn ) |4 < €

Algorithm 1. DMEFT for the half-filled FK model.

(momentum-independent) local quantity, which becomes
exact in the limit of large coordination numbers.

In practice, the self-consistent solution of DMFT com-
monly consists of the following iterations until conver-
gence: (1) given the self-energies X, solve Matsubara
Green’s functions of the lattice model Gyq; (2) solve each
local impurity model’s Green’s functions Gjnp; determine
the self-energies X for the next iteration. For instance, we
illustrate our DMFT routine for the half-filled FK model in
Eq. (F1) in Algorithm 1. Here, we determine the parameter
Ey by setting half-filling ny = 1/2 across all local impurity
models:

()= {1—|—exp [——21 ( G l(]lwn)ﬂ}_l,

(GI)

where the summation is over imaginary frequencies w, =
2nT(n+1/2),n € Z,and n € [—ng,ng — 1].

In particular, we base the DMFT formalism in the
momentum space with a 2 x 2 unit cell, sufficient for
the emergence of the checkerboard and stripe orders. The
resulting order parameters, |#/ (—1)**>| for the checker-
board order and |n/ (—1)*| (|#/ (—1)?|) for the stripe order,
are summarized in Fig. 10, indicating a finite intermediate
region for a disordered metallic phase. Though qualita-
tively consistent, the DMFT outcomes are approximate for
such a strongly correlated system in 2D, especially around
its transitions, resulting in a broader range of intermediate
disordered phases than quantum Monte Carlo calculations
(Fig. 4 and Ref. [62]). Such a discrepancy is also appar-
ent in Fig. 9(a), as DMFT overestimate the transition
temperatures T¢.

In addition, we carry out DMFT calculations fully in
real space, with qualitatively consistent yet more unstable
results. The difficulty is mainly in self-consistent conver-
gence and order-parameter detection due to intertwined
domains upon the extensive degrees of freedom.
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FIG. 10. We determine the phase diagram of the FK model in
Eq. (8) according to the order parameters of the checkerboard
order and the stripe order via momentum-space DMFT. Both
order parameters vanish for #/¢ between 0.5 and 0.81 (shaded
green region), indicating an intermediate disordered metal phase
at this finite 7= 0.005. The values of u follow the red line in
Fig. 4.

In comparison, when we employ machine learning on
such a strongly correlated system by coupling it to an FNN,
we carry out the process entirely in real space without
resorting to any unit cells, which require presumed knowl-
edge, e.g., symmetry-breaking order parameters. Indeed,
the FNN does not cling to such order parameters, which are
vanishingly small and meaningless in the coupled system,
but instead to the original model’s intrinsic quantum prop-
erties. In addition, the strongly correlated system’s link
to the fully connected FNN vastly increased the overall
coordination number and effective dimensionality, which
makes DMFT a much better and controlled approxima-
tion. Therefore, despite the DMFT and real-space nature
of our FNN machine learning, we obtain results with qual-
ity and accuracy surpassing direct DMFT application on
target systems (Fig. 4).

APPENDIX H: SUPERVISED MACHINE
LEARNING ALGORITHM FOR INTERACTING
FNN

As discussed in Sec. II, we analyze and optimize inter-
acting FNNs with their Matsubara Green’s functions.
Generalizing the recursive Green’s functions in Eq. (5)
and the corresponding descending-gradient chain rule in
Appendix B to imaginary frequencies is straightforward.
On the other hand, it is essential to derive the self-energies,
dynamically dependent on the FNN model parameters, in a
self-consistent fashion. Therefore, for supervised machine
learning of an interacting FNN, we employ the follow-
ing steps in each iteration: first, we fix the FNN model
parameters and calculate the self-energies as a series of
local impurity problems within the DMFT formalism;

Input:

FNN architecture, training and test sets, MAX_EPOCHS
Output:

Trained FNN

1: Randomly initialize the FNN parameters {t,./, tr };
2: MAX_ACCUARCY=0;

3: for i =1 to MAX_EPOCHS do:

4: for batch in training set do:

5: for Hy in batch do:

6: Run Algorithm 1 for self-energies 3 (iwy,);
7: Evaluate L[yFNN(I:Ig + X (iwn)), Ytar |;

8: Calculate gradients {0L/0t,.,0L[Our};
9: end for
10: Update {¢t,., ur} following batch gradient;
11: end for

12: Correct=0;
13: for Hjy in test set do:

14: Run Algorithm 1 for self-energies 3 (iwn );
15: Prob = Softmax[yFNN(Ho + X (iwn ) ];
16: Correct += (argmax (Prob) == ytqr);

17: end for
18: Accuarcy=Correct /len(test set);
19: if Accuarcy>MAX_ACCUARCY then:

20: MAX_ACCUARCY=Accuarcy;
21: Save FNN;

22: end if

23: end for

Algorithm 2.
FNN.

Supervised machine learning for interacting

then, we incorporate the self-energies and evaluate Mat-
subara Green’s functions, FNN outputs, and cost functions,
etc., via the efficient recursive Green’s function approach;
next, we calculate the descending gradients through the
chain rule and optimize the FNN via gradient descent, i.e.,
Eq. (4). For applying such an FNN, we require only a sin-
gle iteration with the first two steps. In practice, we carry
out a given number of iterations and keep the FNN with
the best test accuracy in the process; see Algorithm 2 for
details.

We note that self-energies depict interactions within an
FNN. For the settings within our examples, where the
interactions are contributed by and limited to the input
models, it suffices to carry out the first step (self-energy
calculations) upon only the FNN’s / = 0 layer. Likewise,
we may regard supervised machine learning of nonin-
teracting FNNs as Algorithm 2 with the first step (self-
energy calculations) short-circuited (in addition to Green’s
functions in real frequency and energy).

APPENDIX I: MACHINE LEARNING
METAL-INSULATOR TRANSITION IN THE
FALICOV-KIMBAL MODEL

As another example, we study the metal-insulator tran-
sition of the FK model at higher temperature 7" and exactly
half-filling for both the f* and ¢ electrons. The Hamiltonian
is [117]
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FIG. 11. Using the last layer’s LDOS as outputs, the FNN’s

insulator responses on the FK model A, at exactly half-filled in
Eq. (I1) indicate a metal-insulator transition at finite 7= 0.11.
The yellow and green vertical lines are the critical point Uc
via QMC [62] and DMFT (Appendix G) approaches upon the
same parameter space. The inset shows the checkerboard order
parameter of the insulating phase obtained in DMFT.

N 1 1
HO = fZCjCj +hC+ UZ (Cj'ci— E) (}’l{ — E) ,
(i) i
1)

corresponding to Eq. (8) with 7 =0, u = U/2, and Ef =
—u. Equation (I1)’s particle-hole symmetry guarantees the
half-filling condition. As we discuss in Appendix F, at
finite temperatures, the model prefers a disordered metal-
lic phase (insulating checkerboard charge order) at small
(large) U, see Fig. 11 inset and Ref. [62].

Similar to the Sec. V, we couple the strongly-correlated
model Ay in Eq. (I1) to an FNN and employ super-
vised machine learning. For the training set, we randomly
sample models within the parameter region 7 € [0.1,0.2]
and U € [1.0,4.0] away from the phase transitions. Once
the training converges, we apply the FNN towards mod-
els with U € [1.0,4.0] at 7= 0.11, whose results are in
Fig. 11. We note that the accuracy reaches 99.7%, with
a transition point between the numerical values obtained
via quantum Monte Carlo (QMC) and DMFT. However,
the FNN confidence is not very high, which is typical for
machine learning of metal-insulator transitions, comparing
gapless versus gapped phases and finite versus zero order
parameters on finite-size systems. We also note the exis-
tence of a clear kink in the FNN output near the transition
point indicated in DMFT.

APPENDIX J: MUTUAL INFORMATION AND
LOCAL UNITARY TRANSFORMATIONS FOR
FNN LOGIC FLOW

For a postlearning FNN, we can employ mutual
information to track the input-to-out logic flow through its
full depth.

First, given a target input, we can establish mutual infor-
mation between every neuron and the output neurons,
whose LDOS holds the FNN’s decision. Given a fermion
tight-binding model, e.g., the FNN Hamiltonian in Eq. (1),
we can analyze its ground-state entanglement entropy

[44,45] and mutual information [69,70] starting from its
two-point correlators C;; = (cjcj). With the correlation
matrix C4 defined in a subsystem A, the corresponding

entanglement Hamiltonian hy is

hy = {In[(1 = Cy) /C41}" , (1)

which gives the reduced density matrix for the subsystem

A[118]:

1 .
pa=——eXp | — Z(hA)ijC; c;
A ijed

(J2)

Since the partition function takes the form:

Zy=tr(e ™) = l_[ (1 +e76£) ,

k J3)
e =In[(1-¢) /5],
where 8f and {,f‘ are the respective eigenvalues of h, and

C, [119,120], we can straightforwardly derive the von
Neumann entanglement entropy:

y
€

Sq=—tr(palnps) = |: K
Xk: e+ 1

+ In (1 + e_sf)} ,

(J4)

which we can calculate from first Cj; and then C,f. As aside
note, we can also evaluate the Renyi entanglement entropy
as

(SA)Ot =

—In [tr (05)]

=1 —loz Z[ln(l +e_°‘87c1> —aln(l +e_8£)] }

k
(J5)

For the FNN in Eq. (1), we first diagonalize the Hamilto-
nian:

H=("O)A Q) =alAa, J6)
where A = diag({e,}) are the energy eigenvalues and Q) =

> cj,,Qm,, are the corresponding eigenstates. Then, since
the ground state fills (leaves empty) all states with €, < 0
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(e, > 0):

|©) = [ «fl0), (J7)

€, <0

where |0) is the vacuum state, we can obtain the correlation
matrix:
- T
c=(0Ag") (8)
where A is the occupation matrix with 1’s in the diagonal
foralle, < 0.

In order to unambiguously locate the logic flow, we can
perform a unitary transformation U; on each layer so that
the mutual information in Eq. (10) vanishes between the
last layer and as many neurons in that layer as possible,
simplifying the logic flows. We note that the mutual infor-
mation I,z = 0 between two subsystems 4 and B if and
only if the correlation matrix is block diagonal:

C 0
cu=(52). )

and so does the entanglement Hamiltonian h,p, yielding
eigenvalues and entanglement entropy fully canceled by
those from the separate subsystems h, and hg. Physically,
the subsystems 4 and B behave decoupled.

To preserve the layered FNN architecture, we con-
sidered layerwise unitary transformations, which take a
block-diagonal form:

Uy 0 oo eee e 0
. .
U= O T
0
: . . . UL_1 0
0 - 0 - 0 U

where U is a unitary matrix of M; x M; acting on the
Ith layer. U transforms the overall correlation matrix (and
simultaneously the FNN model) as follows:

C =U'cu
CB,o CB,L
_ Cﬁ,z ... . C?,L
: : . C/L—I,L—l C/Lfl,L
C/L,O T C,/L,l C/L,Lfl C/L,L
J1n

where C;J/ = (U;)TCU/ Uy. Of note, we wish to zero as
many rows from the M; x M; matrix C}’L as possible so
that these neurons in the /th layer do not correlate with
the last layer, diminishing their mutual information. Com-
monly, we have more hidden neurons than output neurons,
M; > M;. For such purpose, we can transform C;’L into an
upper triangular matrix:

a  an army
0 ax arm;
;,L = 0 e 0 aML,ML 5 (J12)
0 . 0
0 0

MyxMj,

by making U; = I an identity so that the output neurons
retain their meanings and obtaining U;r via the Gram-
Schmidt orthogonalization. In the alternative FNN after the
overall unitary transformation U, only the first M} neurons
in a layer may possess finite mutual information with the
last layer.

For example, for the FNN in Fig. 12(a), a logic flow
example given a Chern insulator input and the mutual
information distributions before and after the unitary trans-
formation are in Figs. 12(a) and 12(b). We note that
such unitary transformations are controlled, invertible, and
samplewise applicable—no transformation of this kind is
available to classical ANNs. While L1 regularization may
eliminate some weights in classical ANNS, its effect is

(@) §

( C

P ‘/f,
o : : :
=) =
o 004 (b) — BeforeUT |4 2
i) Q
b5t After UT &
e

o
:g 0.02 g
=
3 0005 100 200 300 a0 0=
Neurons

FIG. 12. After proper unitary transformations (UTs), the
mutual information of every single neutron and the output neu-
rons exhibit a highly concentrated pattern, allowing us to trace
the logic flows from any input sample—a Chern insulator model
in this case—through the full depth of the FNN to its outputs
accurately without information loss, as schematically shown in
(a). (b) The mutual information distributions before and after the
layerwise unitary transformations.
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stochastic, uncontrolled, and at the cost of ANNs’ com-
plexity and power; it also applies only to the ANN level
instead of specific samples.

The analogous idea of network simplification and logic-
flow analysis also exists in classical ANNs [121,122].
One can keep the ANN performance while pruning most
model parameters, resulting in simpler architecture and
better interpretability. Compared to a general compression
technique such as pruning, however, our logic-flow anal-
ysis works for individual FNN inputs. Naturally, different
inputs incur different logic flows, for which we may simply
employ different local unitary transformations.

[17 Y. LeCun, Y. Bengio, and G. Hinton, Deep learning,
Nature 521, 436 (2015).

[2] M. Jordan and T. Mitchell, Machine learning: Trends,
perspectives, and prospects, Science 349, 255 (2015).

[3] Michael A. Nielsen, Neural Networks and Deep Learning
(Determination Press, San Francisco, CA, 2015).

[4] D. Silver, A. Huang, C. J. Maddison, A. Guez, L. Sifre,
G. van den Driessche, J. Schrittwieser, 1. Antonoglou,
V. Panneershelvam, M. Lanctot, S. Dieleman, D. Grewe,
J. Nham, N. Kalchbrenner, I. Sutskever, T. Lillicrap, M.
Leach, K. Kavukcuoglu, T. Graepel, and D. Hassabis,
Mastering the game of go with deep neural networks and
tree search, Nature 529, 484 (2016).

[5] D.Silver, J. Schrittwieser, K. Simonyan, I. Antonoglou, A.
Huang, A. Guez, T. Hubert, L. Baker, M. Lai, A. Bolton,
Y. Chen, T. Lillicrap, F. Hui, L. Sifre, G. van den Driess-
che, T. Graepel, and D. Hassabis, Mastering the game of
go without human knowledge, Nature 550, 354 (2017).

[6] J. Jumper et al., Highly accurate protein structure predic-
tion with alphafold, Nature 596, 583 (2021).

[7]1 A. Davies, P. Velickovi¢, L. Buesing, S. Blackwell, D.
Zheng, N. Tomasev, R. Tanburn, P. Battaglia, C. Blun-
dell, A. Juhasz, M. Lackenby, G. Williamson, D. Hassabis,
and P. Kohli, Advancing mathematics by guiding human
intuition with ai, Nature 600, 70 (2021).

[8] F. Agostinelli, S. McAleer, A. Shmakov, and P. Baldi,
Solving the Rubik’s cube with deep reinforcement learn-
ing and search, Nat. Mach. Intell. 1, 356 (2019).

[9] G. Carleo, I. Cirac, K. Cranmer, L. Daudet, M. Schuld,
N. Tishby, L. Vogt-Maranto, and L. Zdeborova, Machine
learning and the physical sciences, Rev. Mod. Phys. 91,
045002 (2019).

[10] G. Carleo and M. Troyer, Solving the quantum many-body
problem with artificial neural networks, Science 355, 602
(2017).

[11] D.-L. Deng, X. Li, and S. Das Sarma, Machine learning
topological states, Phys. Rev. B 96, 195145 (2017).

[12] G. Torlai, G. Mazzola, J. Carrasquilla, M. Troyer, R.
Melko, and G. Carleo, Neural-network quantum state
tomography, Nat. Phys. 14, 447 (2018).

[13] A. A. Melnikov, H. Poulsen Nautrup, M. Krenn, V. Dun-
jko, M. Tiersch, A. Zeilinger, and H. J. Briegel, Active
learning machine learns to create new quantum experi-
ments, Proc. Natl. Acad. Sci. 115, 1221 (2018).

[14] D. Luo and B. K. Clark, Backflow transformations via
neural networks for quantum many-body wave functions,
Phys. Rev. Lett. 122, 226401 (2019).

[15] Y.-H. Zhang, P.-L. Zheng, Y. Zhang, and D.-L. Deng,
Topological quantum compiling with reinforcement learn-
ing, Phys. Rev. Lett. 125, 170501 (2020).

[16] R. Fournier, L. Wang, O. V. Yazyev, and Q. Wu, Artifi-
cial neural network approach to the analytic continuation
problem, Phys. Rev. Lett. 124, 056401 (2020).

[17] H.-Y. Huang, R. Kueng, G. Torlai, V. V. Albert, and J.
Preskill, Provably efficient machine learning for quantum
many-body problems, Science 377, eabk3333 (2022).

[18] Y. Zhang and E.-A. Kim, Quantum loop topography for
machine learning, Phys. Rev. Lett. 118, 216401 (2017).

[19] J. Carrasquilla and R. G. Melko, Machine learning phases
of matter, Nat. Phys. 13, 431 (2017).

[20] T. Ohtsuki and T. Ohtsuki, Deep learning the quantum
phase transitions in random two-dimensional electron sys-
tems, J. Phys. Soc. Jpn 85, 123706 (2016).

[21] T. Ohtsuki and T. Ohtsuki, Deep learning the quantum
phase transitions in random electron systems: Applica-
tions to three dimensions, J. Phys. Soc. Jpn 86, 044708
(2017).

[22] E. van Nieuwenburg, Y.-H. Liu, and S. Huber, Learning
phase transitions by confusion, Nat. Phys. 13, 435 (2017).

[23] P. Zhang, H. Shen, and H. Zhai, Machine learning topo-
logical invariants with neural networks, Phys. Rev. Lett.
120, 066401 (2018).

[24] Y. Zhang, R. G. Melko, and E.-A. Kim, Machine learning
Z, quantum spin liquids with quasiparticle statistics, Phys.
Rev. B 96, 245119 (2017).

[25] W. Lian, S.-T. Wang, S. Lu, Y. Huang, F. Wang, X. Yuan,
W. Zhang, X. Ouyang, X. Wang, X. Huang, L. He, X.
Chang, D.-L. Deng, and L. Duan, Machine learning topo-
logical phases with a solid-state quantum simulator, Phys.
Rev. Lett. 122, 210503 (2019).

[26] Y. Zhang, A. Mesaros, K. Fujita, S. Edkins, M. Hamid-
ian, K. Ch’ng, H. Eisaki, S. Uchida, J. S. Davis,
E. Khatami, and Eun-Ah Kim, Machine learning in
electronic-quantum-matter imaging experiments, Nature
570, 484 (2019).

[27] A.Bohrdt, C. S. Chiu, G. Ji, M. Xu, D. Greif, M. Greiner,
E. Demler, F. Grusdt, and M. Knap, Classifying snapshots
of the doped Hubbard model with machine learning, Nat.
Phys. 15, 921 (2019).

[28] B. S. Rem, N. Kédming, M. Tarnowski, L. Asteria, N.
Flaschner, C. Becker, K. Sengstock, and C. Weitenberg,
Identifying quantum phase transitions using artificial neu-
ral networks on experimental data, Nat. Phys. 15, 917
(2019).

[29] V. Peano, F. Sapper, and F. Marquardt, Rapid exploration
of topological band structures using deep learning, Phys.
Rev. X 11, 021052 (2021).

[30] J. Amold and F. Schifer, Replacing neural networks by
optimal analytical predictors for the detection of phase
transitions, Phys. Rev. X 12, 031044 (2022).

[31] P.-L. Zheng, S.-J. Du, and Y. Zhang, Ground-state proper-
ties via machine learning quantum constraints, Phys. Rev.
Res. 4, L032043 (2022).

[32] G. Koolstra, N. Stevenson, S. Barzili, L. Burns, K. Siva,
S. Greenfield, W. Livingston, A. Hashim, R. K. Naik,

044002-15


https://doi.org/10.1038/nature14539
https://doi.org/10.1126/science.aaa8415
https://doi.org/10.1038/nature16961
https://doi.org/10.1038/nature24270
https://doi.org/10.1038/s41586-021-03819-2
https://doi.org/10.1038/s41586-021-04086-x
https://doi.org/10.1038/s42256-019-0070-z
https://doi.org/10.1103/RevModPhys.91.045002
https://doi.org/10.1126/science.aag2302
https://doi.org/10.1103/PhysRevB.96.195145
https://doi.org/10.1038/s41567-018-0048-5
https://doi.org/10.1073/pnas.1714936115
https://doi.org/10.1103/PhysRevLett.122.226401
https://doi.org/10.1103/PhysRevLett.125.170501
https://doi.org/10.1103/PhysRevLett.124.056401
https://doi.org/10.1126/science.abk3333
https://doi.org/10.1103/PhysRevLett.118.216401
https://doi.org/10.1038/nphys4035
https://doi.org/10.7566/JPSJ.85.123706
https://doi.org/10.7566/JPSJ.86.044708
https://doi.org/10.1038/nphys4037
https://doi.org/10.1103/PhysRevLett.120.066401
https://doi.org/10.1103/PhysRevB.96.245119
https://doi.org/10.1103/PhysRevLett.122.210503
https://doi.org/10.1038/s41586-019-1319-8
https://doi.org/10.1038/s41567-019-0565-x
https://doi.org/10.1038/s41567-019-0554-0
https://doi.org/10.1103/PhysRevX.11.021052
https://doi.org/10.1103/PhysRevX.12.031044
https://doi.org/10.1103/PhysRevResearch.4.L032043

PEI-LIN ZHENG, JIA-BAO WANG, and YI ZHANG

PHYS. REV. APPLIED 20, 044002 (2023)

J. M. Kreikebaum, K. P. O’Brien, D. 1. Santiago, J.
Dressel, and I. Siddiqi, Monitoring fast superconducting
qubit dynamics using a neural network, Phys. Rev. X 12,
031017 (2022).

[33] S. Tibaldi, G. Magnifico, D. Vodola, and E. Ercolessi,
Unsupervised and supervised learning of interacting topo-
logical phases from single-particle correlation functions,
SciPost Phys. 14, 005 (2023).

[34] D.J. Chang, C. M. O’Leary, C. Su, D. A. Jacobs, S. Kahn,
A. Zettl, J. Ciston, P. Ercius, and J. Miao, Deep-learning
electron diffractive imaging, Phys. Rev. Lett. 130, 016101
(2023).

[35] M. Link, K. Gao, A. Kell, M. Breyer, D. Eberz, B. Rauf,
and M. Ko6hl, Machine learning the phase diagram of
a strongly interacting fermi gas, Phys. Rev. Lett. 130,
203401 (2023).

[36] Y. Lecun, L. Bottou, Y. Bengio, and P. Haffner, Gradient-
based learning applied to document recognition, Proc.
IEEE 86, 2278 (1998).

[37]1 A. Georges, G. Kotliar, W. Krauth, and M. J. Rozen-
berg, Dynamical mean-field theory of strongly correlated
fermion systems and the limit of infinite dimensions, Rev.
Mod. Phys. 68, 13 (1996).

[38] W. Metzner and D. Vollhardt, Correlated lattice fermions
in d = oo dimensions, Phys. Rev. Lett. 62, 324 (1989).

[39] D. Vollhardt, Dynamical mean-field theory for correlated
electrons, Ann. Phys. 524, 1 (2012).

[40] D. Vollhardt, K. Byczuk, and M. Kollar, in Strongly Cor-
related Systems: Theoretical Methods, edited by A. Avella
and F. Mancini (Springer Berlin Heidelberg, Berlin, Hei-
delberg, 2012), p. 203.

[41] K. He, X. Zhang, S. Ren, and J. Sun, in Proceedings
of the IEEE Conference on Computer Vision and Pat-
tern Recognition (CVPR) CVPR, Las Vegas, Nevada,
(2016).

[42] J. F. Kolen and S. C. Kremer, in 4 Field Guide to Dynam-
ical Recurrent Networks (John Wiley & Sons, Hoboken,
New Jersey, 2001), p. 237.

[43] J. Han and C. Moraga, in From Natural to Artificial
Neural Computation, edited by J. Mira and F. Sandoval
(Springer Berlin Heidelberg, Berlin, Heidelberg, 1995), p.
195.

[44] L. Amico, R. Fazio, A. Osterloh, and V. Vedral, Entan-
glement in many-body systems, Rev. Mod. Phys. 80, 517
(2008).

[45] J. Eisert, M. Cramer, and M. B. Plenio, Colloquium: Area
laws for the entanglement entropy, Rev. Mod. Phys. 82,
277 (2010).

[46] Y. Zhang, P. Ginsparg, and E.-A. Kim, Interpreting
machine learning of topological quantum phase transi-
tions, Phys. Rev. Res. 2, 023283 (2020).

[47] M. T. Ribeiro, S. Singh, and C. Guestrin, in Proceedings
of the 22nd ACM SIGKDD International Conference on
Knowledge Discovery and Data Mining, KDD ’16 (Asso-
ciation for Computing Machinery, New York, NY, USA,
2016), p. 1135.

[48] A. Barredo Arrieta, N. Diaz-Rodriguez, J. Del Ser, A.
Bennetot, S. Tabik, A. Barbado, S. Garcia, S. Gil-
Lopez, D. Molina, R. Benjamins, R. Chatila, and F. Her-
rera, Explainable artificial intelligence (xai): Concepts,

taxonomies, opportunities and challenges toward respon-
sible ai, Inf. Fusion 58, 82 (2020).

[49] We may generalize Eq. (1) to non-Hermitian FNNs with
t # 5, [123,124] and closer resemblance to classical
ANNSs with unidirectional information flow.

[50] J.J. Hopfield, Neural networks and physical systems with
emergent collective computational abilities., Proc. Natl.
Acad. Sci. 79, 2554 (1982).

[51]1 A. Croy, R. A. Rémer, and M. Schreiber, in Parallel
Algorithms and Cluster Computing, edited by K. H. Hoff-
mann and A. Meyer (Springer Berlin Heidelberg, Berlin,
Heidelberg, 2006), p. 203.

[52] A.Krogh andJ. A. Hertz, in Proceedings of the 4th Inter-
national Conference on Neural Information Processing
Systems, series and number NIPS’91 (Morgan Kaufmann
Publishers Inc., San Francisco, CA, USA, 1991), p. 950.

[53] The state-of-the-art 99.87% accuracy is achieved by
ensemble learning with homogeneous vector capsules and
convolutional neural networks, refer to https://paperswith
code.com/sota/image-classification-on-mnist for details.
Likewise, FNNs have much room for faster convergence
and better accuracy, achievable with proper hyperparame-
ter settings and architecture expansions; see Appendix C.

[54] See benchmark ANN accuracy at http://yann.lecun.com/
exdb/mnist/.

[55] A.Kitaev, Anyons in an exactly solved model and beyond,
Ann. Phys. (N. Y) 321, 2 (2006).

[56] A. P. Bradley, The use of the area under the ROC curve
in the evaluation of machine learning algorithms, Pattern
Recogn. 30, 1145 (1997).

[57] T. Fawcett, An introduction to ROC analysis, Pattern
Recogn. Lett. 27, 861 (2006).

[58] M. H. Hettler, A. N. Tahvildar-Zadeh, M. Jarrell, T.
Pruschke, and H. R. Krishnamurthy, Nonlocal dynamical
correlations of strongly interacting electron systems, Phys.
Rev. B 58, R7475 (1998).

[59] J. K. Freericks and V. Zlati¢, Exact dynamical mean-field
theory of the Falicov-Kimball model, Rev. Mod. Phys. 75,
1333 (2003).

[60] U. Brandt and C. Mielsch, Thermodynamics and corre-
lation functions of the Falicov-Kimball model in large
dimensions, Z. Phys. B: Condens. Matter 75, 365 (1989).

[61] U. Brandt and C. Mielsch, Thermodynamics of the
Falicov-Kimball model in large dimensions II, Z. Phys.
B: Condens. Matter 79, 295 (1990).

[62] M. M. Maska and K. Czajka, Thermodynamics of the two-
dimensional Falicov-Kimball model: A classical Monte
Carlo study, Phys. Rev. B 74, 035109 (2006).

[63] N. Trivedi and M. Randeria, Deviations from fermi-liquid
behavior above 7, in 2D short coherence length supercon-
ductors, Phys. Rev. Lett. 75, 312 (1995).

[64] The number of nearest neighbors in the original 2D plane
remains limited even after coupling to FNNs; therefore,
we may generalize DMFT to local clusters, i.e., dynam-
ical cluster approximation [58], for better-controlled
analysis.

[65] K. Fukushima, Neocognitron: A self-organizing neural
network model for a mechanism of pattern recognition
unaffected by shift in position, Biol. Cybern. 36, 193
(1980).

044002-16


https://doi.org/10.1103/PhysRevX.12.031017
https://doi.org/10.21468/SciPostPhys.14.1.005
https://doi.org/10.1103/PhysRevLett.130.016101
https://doi.org/10.1103/PhysRevLett.130.203401
https://doi.org/10.1109/5.726791
https://doi.org/10.1103/RevModPhys.68.13
https://doi.org/10.1103/PhysRevLett.62.324
https://doi.org/10.1002/andp.201100250
https://doi.org/10.1103/RevModPhys.80.517
https://doi.org/10.1103/RevModPhys.82.277
https://doi.org/10.1103/PhysRevResearch.2.023283
https://doi.org/10.1016/j.inffus.2019.12.012
https://doi.org/10.1073/pnas.79.8.2554
https://paperswithcode.com/sota/image-classification-on-mnist
http://yann.lecun.com/exdb/mnist/
https://doi.org/10.1016/j.aop.2005.10.005
https://doi.org/10.1016/S0031-3203(96)00142-2
https://doi.org/10.1016/j.patrec.2005.10.010
https://doi.org/10.1103/PhysRevB.58.R7475
https://doi.org/10.1103/RevModPhys.75.1333
https://doi.org/10.1007/BF01321824
https://doi.org/10.1007/BF01406598
https://doi.org/10.1103/PhysRevB.74.035109
https://doi.org/10.1103/PhysRevLett.75.312
https://doi.org/10.1007/BF00344251

EFFICIENT AND QUANTUM-ADAPTIVE MACHINE. ..

PHYS. REV. APPLIED 20, 044002 (2023)

[66] J. R. McClean, S. Boixo, V. N. Smelyanskiy, R. Babbush,
and H. Neven, Barren plateaus in quantum neural network
training landscapes, Nat. Commun. 9, 4812 (2018).

[67] M. Cerezo, A. Sone, T. Volkoff, L. Cincio, and P. J.
Coles, Cost function dependent barren plateaus in shallow
parametrized quantum circuits, Nat. Commun. 12, 1791
(2021).

[68] S. Wang, E. Fontana, M. Cerezo, K. Sharma, A. Sone, L.
Cincio, and P. J. Coles, Noise-induced barren plateaus in
variational quantum algorithms, Nat. Commun. 12, 6961
(2021).

[69] C. Adami and N. J. Cerf, von Neumann capacity of noisy
quantum channels, Phys. Rev. A 56, 3470 (1997).

[70] B. Groisman, S. Popescu, and A. Winter, Quantum, clas-
sical, and total amount of correlations in a quantum state,
Phys. Rev. A 72, 032317 (2005).

[71] R. Rombach, A. Blattmann, D. Lorenz, P. Esser, and
B. Ommer, in Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition (CVPR)
(CVPR, New Orleans, Louisiana, 2022), p. 10684.

[72] A.W. Harrow and A. Montanaro, Quantum computational
supremacy, Nature 549, 203 (2017).

[73] P. W. Shor, Polynomial-time algorithms for prime factor-
ization and discrete logarithms on a quantum computer,
SIAM J. Comput. 26, 1484 (1997).

[74] B. M. Terhal and D. P. DiVincenzo, Adaptive quantum
computation, constant depth quantum circuits and arthur-
merlin games, Quantum Inf. Comput. 4, 134 (2004).

[75] S. Aaronson and A. Arkhipov, The computational
complexity of linear optics, Theory Comput. 9, 143
(2013).

[76] S. Aaronson and L. Chen, in Proceedings of the 32nd
Computational Complexity Conference, CCC 17 (Schloss
Dagstuhl-Leibniz-Zentrum fuer Informatik, Dagstuhl,
DEU, 2017).

[77] S. Bravyi, D. Gosset, and R. Konig, Quantum advantage
with shallow circuits, Science 362, 308 (2018).

[78] Y. Liu, S. Arunachalam, and K. Temme, A rigorous and
robust quantum speed-up in supervised machine learning,
Nat. Phys. 17, 1013 (2021).

[79] H.-Y. Huang, R. Kueng, and J. Preskill, Information-
theoretic bounds on quantum advantage in machine learn-
ing, Phys. Rev. Lett. 126, 190505 (2021).

[80] H.-Y. Huang, M. Broughton, J. Cotler, S. Chen, J. Li, M.
Mohseni, H. Neven, R. Babbush, R. Kueng, J. Preskill,
and J. R. McClean, Quantum advantage in learning from
experiments, Science 376, 1182 (2022).

[81] F. Arute et al., Quantum supremacy using a programmable
superconducting processor, Nature 574, 505 (2019).

[82] H.-S. Zhong et al., Quantum computational advantage
using photons, Science 370, 1460 (2020).

[83] Y. Wu et al., Strong Quantum Computational Advantage
Using a Superconducting Quantum Processor, Phys. Rev.
Lett. 127, 180501 (2021).

[84] J. Tersoff and D. R. Hamann, Theory of the scanning
tunneling microscope, Phys. Rev. B 31, 805 (1985).

[85] M. FE. Crommie, C. P. Lutz, and D. M. Eigler, Confinement
of electrons to quantum corrals on a metal surface, Science
262,218 (1993).

[86] B.J. van Wees, H. van Houten, C. W. J. Beenakker, J. G.
Williamson, L. P. Kouwenhoven, D. van der Marel, and

C. T. Foxon, Quantized conductance of point contacts in
a two-dimensional electron gas, Phys. Rev. Lett. 60, 848
(1988).

[87] J. Biamonte, P. Wittek, N. Pancotti, P. Rebentrost, N.
Wiebe, and S. Lloyd, Quantum machine learning, Nature
549,195 (2017).

[88] M. Cerezo, A. Arrasmith, R. Babbush, S. C. Benjamin, S.
Endo, K. Fujii, J. R. McClean, K. Mitarai, X. Yuan, L.
Cincio, and P. J. Coles, Variational quantum algorithms,
Nat. Rev. Phys. 3, 625 (2021).

[89] K. Mitarai, M. Negoro, M. Kitagawa, and K. Fujii, Quan-
tum circuit learning, Phys. Rev. A 98, 032309 (2018).

[90] M. Schuld, V. Bergholm, C. Gogolin, J. Izaac, and N. Kil-
loran, Evaluating analytic gradients on quantum hardware,
Phys. Rev. A 99, 032331 (2019).

[91] I. Cong, S. Choi, and M. D. Lukin, Quantum convolutional
neural networks, Nat. Phys. 15, 1273 (2019).

[92] L. Bittel and M. Kliesch, Training variational quantum
algorithms is NP-hard, Phys. Rev. Lett. 127, 120502
(2021).

[93] A. Abbas, D. Sutter, C. Zoufal, A. Lucchi, A. Figalli, and
S. Woerner, The power of quantum neural networks, Nat.
Comput. Sci. 1, 403 (2021).

[94] M. Cerezo, G. Verdon, H.-Y. Huang, L. Cincio, and P. J.
Coles, Challenges and opportunities in quantum machine
learning, Nat. Comput. Sci. 2, 567 (2022).

[95] Z. Wang, P.-L. Zheng, B. Wu, and Y. Zhang, Quantum
dropout: On and over the hardness of quantum approxi-
mate optimization algorithm, Phys. Rev. Res. 5, 023171
(2023).

[96] 1. Buluta and F. Nori, Quantum simulators, Science 326,
108 (2009).

[97] 1. M. Georgescu, S. Ashhab, and F. Nori, Quantum simu-
lation, Rev. Mod. Phys. 86, 153 (2014).

[98] P. Barthelemy and L. M. K. Vandersypen, Quantum dot
systems: A versatile platform for quantum simulations,
Ann. Phys. 525, 808 (2013).

[99] A. Browaeys and T. Lahaye, Many-body physics with
individually controlled Rydberg atoms, Nat. Phys. 16, 132
(2020).

[100] P.Scholl, M. Schuler, H. J. Williams, A. A. Eberharter, D.
Barredo, K.-N. Schymik, V. Lienhard, L.-P. Henry, T. C.
Lang, T. Lahaye, A. M. Lauchli, and A. Browaeys, Quan-
tum simulation of 2D antiferromagnets with hundreds of
Rydberg atoms, Nature 595, 233 (2021).

[101] S. Ebadi et al., Quantum optimization of maximum inde-
pendent set using Rydberg atom arrays, Science 376, 1209
(2022).

[102] D. Bluvstein, A. Omran, H. Levine, A. Keesling, G.
Semeghini, S. Ebadi, T. T. Wang, A. A. Michailidis, N.
Maskara, W. W. Ho, S. Choi, M. Serbyn, M. Greiner, V.
Vuleti¢, and M. D. Lukin, Controlling quantum many-
body dynamics in driven Rydberg atom arrays, Science
371, 1355 (2021).

[103] R. Hanson, L. P. Kouwenhoven, J. R. Petta, S. Tarucha,
and L. M. K. Vandersypen, Spins in few-electron quantum
dots, Rev. Mod. Phys. 79, 1217 (2007).

[104] T. Byrnes, N. Y. Kim, K. Kusudo, and Y. Yamamoto,
Quantum simulation of Fermi-Hubbard models in semi-
conductor quantum-dot arrays, Phys. Rev. B 78, 075320
(2008).

044002-17


https://doi.org/10.1038/s41467-018-07090-4
https://doi.org/10.1038/s41467-021-21728-w
https://doi.org/10.1038/s41467-021-27045-6
https://doi.org/10.1103/PhysRevA.56.3470
https://doi.org/10.1103/PhysRevA.72.032317
https://doi.org/10.1038/nature23458
https://doi.org/10.1137/S0097539795293172
https://doi.org/10.4086/toc.2013.v009a004
https://doi.org/10.1126/science.aar3106
https://doi.org/10.1038/s41567-021-01287-z
https://doi.org/10.1103/PhysRevLett.126.190505
https://doi.org/10.1126/science.abn7293
https://doi.org/10.1038/s41586-019-1666-5
https://doi.org/10.1126/science.abe8770
https://doi.org/10.1103/PhysRevLett.127.180501
https://doi.org/10.1103/PhysRevB.31.805
https://doi.org/10.1126/science.262.5131.218
https://doi.org/10.1103/PhysRevLett.60.848
https://doi.org/10.1038/nature23474
https://doi.org/10.1038/s42254-021-00348-9
https://doi.org/10.1103/PhysRevA.98.032309
https://doi.org/10.1103/PhysRevA.99.032331
https://doi.org/10.1038/s41567-019-0648-8
https://doi.org/10.1103/PhysRevLett.127.120502
https://doi.org/10.1038/s43588-021-00084-1
https://doi.org/10.1038/s43588-022-00311-3
https://doi.org/10.1103/PhysRevResearch.5.023171
https://doi.org/10.1126/science.1177838
https://doi.org/10.1103/RevModPhys.86.153
https://doi.org/10.1002/andp.201300124
https://doi.org/10.1038/s41567-019-0733-z
https://doi.org/10.1038/s41586-021-03585-1
https://doi.org/10.1126/science.abo6587
https://doi.org/10.1126/science.abg2530
https://doi.org/10.1103/RevModPhys.79.1217
https://doi.org/10.1103/PhysRevB.78.075320

PEI-LIN ZHENG, JIA-BAO WANG, and YI ZHANG

PHYS. REV. APPLIED 20, 044002 (2023)

[105] F. R. Braakman, P. Barthelemy, C. Reichl, W. Wegschei-
der, and L. M. K. Vandersypen, Long-distance coherent
coupling in a quantum dot array, Nat. Nanotechnol. 8, 432
(2013).

[106] T.Hensgens, T. Fujita, L. Janssen, X. Li, C. J. Van Diepen,
C. Reichl, W. Wegscheider, S. Das Sarma, and L. M. K.
Vandersypen, Quantum simulation of a Fermi—Hubbard
model using a semiconductor quantum dot array, Nature
548, 70 (2017).

[107] C. J. van Diepen, T.-K. Hsiao, U. Mukhopadhyay, C.
Reichl, W. Wegscheider, and L. M. K. Vandersypen,
Quantum simulation of antiferromagnetic Heisenberg
chain with gate-defined quantum dots, Phys. Rev. X 11,
041025 (2021).

[108] M. Saffman, T. G. Walker, and K. Mglmer, Quantum infor-
mation with Rydberg atoms, Rev. Mod. Phys. 82, 2313
(2010).

[109] H. Weimer, M. Miiller, 1. Lesanovsky, P. Zoller, and H. P.
Biichler, A Rydberg quantum simulator, Nat. Phys. 6, 382
(2010).

[110] A. Omran, H. Levine, A. Keesling, G. Semeghini, T. T.
Wang, S. Ebadi, H. Bernien, A. S. Zibrov, H. Pichler, S.
Choi, J. Cui, M. Rossignolo, P. Rembold, S. Montangero,
T. Calarco, M. Endres, M. Greiner, V. Vuleti¢, and M.
D. Lukin, Generation and manipulation of Schrodinger
cat states in Rydberg atom arrays, Science 365, 570
(2019).

[111] M. Moreno-Cardoner, D. Goncalves, and D. E. Chang,
Quantum nonlinear optics based on two-dimensional
Rydberg atom arrays, Phys. Rev. Lett. 127, 263602
(2021).

[112] D. Gonzalez-Cuadra, D. Bluvstein, M. Kalinowski, R.
Kaubruegger, N. Maskara, P. Naldesi, T. V. Zache, A.
M. Kaufman, M. D. Lukin, H. Pichler, B. Vermersch,
J. Ye, and P. Zoller, Fermionic quantum processing with

programmable neutral atom arrays, Proc. Natl. Acad. Sci.
120, 2304294120 (2023).

[113] https://github.com/PeilinZHENG/FQNN.

[114] N. Srivastava, G. Hinton, A. Krizhevsky, 1. Sutskever, and
R. Salakhutdinov, Dropout: A simple way to prevent neu-
ral networks from overfitting, J. Mach. Learn. Res. 15,
1929 (2014).

[115] W. Smith and S. Erdman, A note on the inversion of
complex matrices, IEEE Trans. Automat. Contr. 19, 64
(1974).

[116] K. B. Petersen and M. S. Pedersen, The matrix cookbook
(2012), version 20121115.

[117] L. Huang and L. Wang, Accelerated Monte Carlo simu-
lations with restricted Boltzmann machines, Phys. Rev. B
95, 035105 (2017).

[118] 1. Peschel and V. Eisler, Reduced density matrices and
entanglement entropy in free lattice models, J. Phys. A:
Math. Theor. 42, 504003 (2009).

[119] 1. Peschel, Calculation of reduced density matrices from
correlation functions, J. Phys. A: Math. Gen. 36, L205
(2003).

[120] A. M. Turner, Y. Zhang, and A. Vishwanath, Entangle-
ment and inversion symmetry in topological insulators,
Phys. Rev. B 82, 241102 (2010).

[121] J. Frankle and M. Carbin, in International Confer-
ence on Learning Representations (ICLR, New Orleans,
Louisiana, 2019).

[122] D. Blalock, J. J. Gonzalez Ortiz, J. Frankle, and J. Guttag,
What is the state of neural network pruning?, Proc. Mach.
Learn. Syst. 2, 129 (2020).

[123] Y. Ashida, Z. Gong, and M. Ueda, Non-Hermitian physics,
Adv. Phys. 69, 249 (2020).

[124] E.J. Bergholtz, J. C. Budich, and F. K. Kunst, Exceptional
topology of non-hermitian systems, Rev. Mod. Phys. 93,
015005 (2021).

044002-18


https://doi.org/10.1038/nnano.2013.67
https://doi.org/10.1038/nature23022
https://doi.org/10.1103/PhysRevX.11.041025
https://doi.org/10.1103/RevModPhys.82.2313
https://doi.org/10.1038/nphys1614
https://doi.org/10.1126/science.aax9743
https://doi.org/10.1103/PhysRevLett.127.263602
https://doi.org/10.1073/pnas.2304294120
https://github.com/PeilinZHENG/FQNN
https://doi.org/10.1109/TAC.1974.1100466
https://doi.org/10.1103/PhysRevB.95.035105
https://doi.org/10.1088/1751-8113/42/50/504003
https://doi.org/10.1088/0305-4470/36/14/101
https://doi.org/10.1103/PhysRevB.82.241102
https://doi.org/10.1080/00018732.2021.1876991
https://doi.org/10.1103/RevModPhys.93.015005

	I. INTRODUCTION
	II. FNN FOR MACHINE LEARNING
	III. CLASSICAL EXAMPLES
	IV. EXAMPLES: TOPOLOGICAL INSULATORS
	V. EXAMPLES: STRONGLY CORRELATED SYSTEMS
	VI. PHYSICAL INSIGHTS AND INTERPRETABILITY FROM FNN MACHINE LEARNING
	VII. DISCUSSION
	ACKNOWLEDGMENTS
	A. APPENDIX A: FNN REGULARIZATION
	B. APPENDIX B: GRADIENT CHAIN RULE FROM RECURSIVE GREEN'S FUNCTIONS
	C. APPENDIX C: FNN ARCHITECTURES
	D. APPENDIX D: FNN INPUTS: ENCODING CLASSICAL DATA AS EXTERNAL LDOS
	E. APPENDIX E: TOPOLOGICAL PHASES OF DISORDERED MODELS
	F. APPENDIX F: PHASE DIAGRAMS OF THE FALICOV-KIMBAL MODEL
	G. APPENDIX G: DMFT RESULTS OF THE FALICOV-KIMBAL MODEL
	H. APPENDIX H: SUPERVISED MACHINE LEARNING ALGORITHM FOR INTERACTING FNN
	I. APPENDIX I: MACHINE LEARNING METAL-INSULATOR TRANSITION IN THE FALICOV-KIMBAL MODEL
	J. APPENDIX J: MUTUAL INFORMATION AND LOCAL UNITARY TRANSFORMATIONS FOR FNN LOGIC FLOW
	. References


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile ()
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 5
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /PDFX1a:2003
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError false
  /PDFXTrimBoxToMediaBoxOffset [
    33.84000
    33.84000
    33.84000
    33.84000
  ]
  /PDFXSetBleedBoxToMediaBox false
  /PDFXBleedBoxToTrimBoxOffset [
    9.00000
    9.00000
    9.00000
    9.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV <>
    /HUN <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames false
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks true
      /AddColorBars false
      /AddCropMarks true
      /AddPageInfo true
      /AddRegMarks false
      /BleedOffset [
        9
        9
        9
        9
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


