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Feature Disentangling and Combination Implemented by
Spin—Orbit Torque Magnetic Tunnel Junctions

Xiaohan Li, Yinggian Xu, Caihua Wan,* Ran Zhang, Meike Hindenberg,
Raik Hoffmann, Shigiang Liu, Tianyi Zhang, Shilong Xiong, Dehao Kong, Jihao Xia,
Fangshuo Gao, Zhuyang Nie, Thomas Kampfe, Guogiang Yu, and Xiufeng Han*

Feature disentangling plays a vital role in diverse domains such as image
processing, drug development, and pattern recognition. However, this process is
computationally intensive. Recently, spintronic devices, such as magnetic tunnel
junctions (MT]s), have been increasingly employed to accelerate Al in hardware.
Herein, an efficient algorithm that both disentangles and generates combined
features from data is proposed. The effectiveness of spin—orbit torque magnetic
tunnel junctions (SOT-MT]s) in disentangling and combining features of emoji
images is experimentally demonstrated. The algorithm is further validated on
real-world facial datasets, including CelebFaces Attributes (CelebA) and Protein
Families Database (Pfam). The results confirm that SOT-MT]s can be effectively
used as true random number generators. When combined with the algorithm,
these devices enable both feature disentangling and integration, thereby

expanding their potential application landscape.

1. Introduction

The rapid advancement of artificial intelligence (AI) technologies
in both algorithm frameworks and hardware architectures has
profoundly transformed a wide range of applications including
data analysis, predictive modeling, object classification, natural
language processing, and recommendation systems. From the
hardware perspective, the advent of GPUs and nonvolatile mem-
ory technologies has significantly accelerated the development
of deep neural networks by speeding up matrix multiplication
operations on the one hand."® However, beyond deterministic
matrix computations, modern Al—particularly generative

Al—relies heavily on stochastic/probabilis-
tic sampling. In this regard, there remains
a notable lack of efficient and dedicated
hardware platforms capable of supporting
large-scale probabilistic modeling and sam-
pling tasks. Moreover, though successful in
such tasks as recognition, prediction, and
generation, challenges surrounding its
interpretability and controllability continue
to pose fundamental concerns, potentially
undermining its trust and robustness.
Enhancing the transparency and interpret-
ability of Al thus necessitates a deeper
investigation into its underlying probabilis-
tic modeling—particularly from the stand-
point of hardware implementations
capable of supporting such modeling.

To enhance interpretability, researchers
have increasingly focused on developing
effective disentangled representations for complex datasets.!’)
Once features are successfully disentangled, it becomes possible
to identify which components of the representations—or which
regions of the input data—correspond to specific semantic fea-
tures. Furthermore, the learned representations can be reused or
recombined to generate new data instances tailored to specific
feature specifications.

In image generation, for instance, this approach enables the
creation of images that are continuously tunable in one attribute
(laughing, smiling, frowning, or crying) while other attributes
(e.g., wearing glasses or not) remain unaffected even though
these features often share the same facial regions.
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In drug design, disentangling proves even more critical:
certain protein fragments may simultaneously influence both
drug efficacy and toxicity. By decoupling these two features, it
becomes feasible to identify which fragments independently con-
tribute to each property, thereby facilitating the rational design of
high-quality drug candidates with enhanced therapeutic effec-
tiveness and significantly reduced—or even eliminated—toxicity.

Several proposed algorithms or architectures aim to
achieve effective feature disentangling, such as Variational
Autoencoders (VAE)!'” and Generative Adversarial Networks
(GANs)."I Though powerful, these algorithms are often mathe-
matically skillful, computation-intensive, and not easy to directly
implement in hardware. Recently, a restricted Boltzmann
machine (RBM) algorithm with complex constraints on its net-
work parameters has been proposed to address this challenge.?!
This approach harnesses the bipartite RBMs with improved par-
allelism to achieve high-quality feature disentangling, as demon-
strated in the generation of images with desired features and
specific biological protein sequence expressions. Notably, the
RBMs composed of many binary random variables and updated
by the Gibbs sampling protocol can be realized by MT] devices,'?
shedding light on the development of a hardware-implementable
RBM system. If the algorithm can be further simplified, such a
system may automatically streamline the process of feature disen-
tanglement, as demonstrated below.

More specifically, we have leveraged spin—orbit torque
magnetic tunnel junctions (SOT-MTJs) with tunable switching
probabilities to accelerate the Gibbs sampling directly at the
hardware level.*™%! MTJs consist of a sandwich structure—a
magnetically free layer, a tunneling barrier, and a reference layer
with a pinned magnetization—that encodes low or high resistance
states via the tunneling magnetoresistance (ITMR) effect, depend-
ing on the relative alignment (parallel and antiparallel) between
the free layer and reference layer. SOT-MTJs, representing a
recent advancement in the magnetic storage industry (magnetic
random access memories, or MRAM), are characterized by
their nonvolatility, high speed, low energy consumption, long
endurance, high density, and compatibility with CMOS
technology.!*>"~2") Beyond applications in MRAM or high-speed
caches, SOT-MT]Js have also demonstrated efficacy as binary true
random-number generators (TRNGs), serving as a high-quality
entropy resource.”'?® These capabilities suggest strong poten-
tial for their integration into the feature-disentangling RBM
architectures.

In this study, we evaluated the performance of an enhanced
RBM network that incorporates high-performance SOT-MT]s,
demonstrating its ability to disentangle and combine features of
emoji images, enabling the generation of images with designed
feature combinations. We further validated this approach with
real facial data, CelebFaces Attributes (CelebA) and Protein
Families Database (Pfam), underscoring the model’s robustness
and generalization capability across complex datasets. In short,
we developed a hardware-friendly, feature-disentangling RBM
algorithm, enabling practical implementation on physical plat-
forms. At the hardware level, SOT-MT]Js were employed to accel-
erate Gibbs sampling by eliminating the need to evaluate
exponential functions and replacing CPU-based pseudo-random
number generators with MT]J-based TRNGs. At the algorithm
level, we enhanced the classical RBM framework by introducing
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alinear discriminator layer to extract dominant feature terms and
reintegrate them as additional feature nodes of the upgraded
RBM. The efficient training process with limited samples under-
scores the approach’s potential for customized feature disentan-
glement and combinational generation, offering promising
applications in resource-constrained edge computing scenarios.

2. Results

The MT]J stack illustrated in Figure 1a consists of the following
multilayers:  W(3)/CozoFes0B20(1.4)/MgO(1.5)/CozoFesoB2o(3)/
W(0.4)/Co(2.7)/Ir;sMny5(10) /Ru(4 nm). The numbers in brack-
ets are thicknesses in nanometers. The corresponding high-angle
angular dark-field (HAADF) image of the SOT-MT]J is shown in
Figure 1b. The stack was then patterned into an MT] nanopillar
by electron beam lithography and argon ion etching. We pat-
terned a writing channel of 600 nm wide along the long axis of
the MT], facilitating the Type-Y SOT switching mode in our in-
plane MTJs.">**) When a current pulse with a 50 ns duration is
applied along the x-direction to the bottom W channel, it gener-
ates a y-polarized spin current flowing along the z-direction due
to the spin Hall effect (SHE). The spin current and the subse-
quently transferred SOT induce spin dynamics and even switch-
ing of the free layer on top of the W channel. Depending on the
parallel or antiparallel alignment between their free and refer-
ence layers, MTJs then exhibit a low or high resistance state, well
known as the TMR effect. The field dependence and voltage
dependence of resistance are shown in Figure 1c,d, respectively.

Notably, the critical switching voltage of 1.2 V here is compati-
ble with the complementary metal-oxide-semiconductor (CMOS)
technology. The critical current density 7.7 x 10°Acm 2
at 50 ns aligns with those pioneering studies.'”'® In the follow-
ing, we further demonstrate that the SOT-MT]Js, as nonvolatile
and probability-adjustable TRNGs, are well suited for implement-
ing generative RBM for disentangling features. We also explore
the potential of our SOT-MTJ devices in generative artificial
intelligence.

In the context of MT]-based TRNG, these devices can be cate-
gorized into two distinct types: low-barrier and high-barrier
MT]Js.2%# The low-barrier MTJs, with a thermal stability factor
comparable to kzT, can spontaneously fluctuate between their
low and high resistance states due to thermal agitation,?*~*’]
which has been deployed to exploit solvers for the Ising model
for combinatorial optimization problems with non-polynomial
algorithmic complexity.*2?#*4 Although low-barrier magnetic
tunnel junctions do not require external excitation (e.g., pulse
currents) and offer low energy consumption, their stability is
more susceptible to thermal disturbances.™**!

In contrast, the high-barrier MTJs require an external excita-
tion, such as SOT or the spin-transfer torque (STT), to trigger
stochastic dynamics and tune the switching probability.
Nevertheless, their nonvolatility makes these TRNGs well suited
for the probabilistic neural network architectures such as
RBM["?%®! and Bayesian networks,*”! in which the high and
low resistance states of MT]Js play a vital role in optimizing net-
work parameters and can be conveniently stored and read out
efficiently. In particular, high-barrier SOT-MT]Js outperform
other devices due to their exceptional endurance and high-speed
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Figure 1. Probabilistic switching performance of SOT-MT]s. a) Stack structure of SOT-MT]s. b) High-angle angular dark field (HAADF) images of SOT-
MT]. ) Field-dependence and d) voltage-dependence of the resistance. e) Switching probability as a function of input voltage V;, and its fitting by the
sigmoid functions. f,g) Histogram of the event time t for the P and AP states. h) Switching outcomes obtained from continuous testing at three discrete

voltages: 1.1, 1.2, and 1.3 V.

characteristics, which underpins the development of the genera-
tive RBM with both feature disentangling and generation
capability.

To evaluate the probabilistic switching characteristics and the
stability of SOT-MT]Js, we first measured the voltage dependence
of switching probability (P versus Vj,) for a single device. The
results of the P-Vj, test are presented in Figure le. Each data
point was statistically derived from 100 switching events under
the identical Vi, condition. Notably, the data are well fitted by a
sigmoid function. It should be noted that, because high-barrier
SOT-MTJs are used, the devices must be reset to the low-
resistance state before each test, which differs from those
initialization-free solutions, for example, MTJs with low bar-
riersi®” or SOT ones with perpendicular magnetic anisotropy.”*"
Figure 1h demonstrates the ability to realize representative P
(25%, 52%, and 80%) at their respective input voltages Vi,
(1.1, 1.2, and 1.3 V), thereby emphasizing the tunable-probability
feature of our SOT-MTJ-based TRNGs. This measurement con-
firms the robustness and stability of the TRNGs. To evaluate the
randomness of the generated binary signal, we analyzed the dwell
time (DT) distribution, which describes the duration that the sys-
tem remains in each state (0 or 1) before switching. A key indi-
cator of stochasticity is whether the DTs follow an exponential
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distribution, as this implies memoryless transitions governed
by a Poisson process. Figure 1f,g shows the statistical histograms
of DTs for both P and AP states on a logarithmic scale. The
observed linear trend in these plots confirms that the DTs exhibit
an exponential distribution, suggesting that the switching pro-
cess can be described by a two-state Markov model with no mem-
ory of prior states. This characteristic is critical to ensuring that
the generated sequence remains unpredictable over time. From
the fitted exponential distributions, we extract the average dwell
times (ADTs) for both states. The computed ADTs are 3.43 and
5.56 time-unit for the 0 and 1 states, respectively. These values
characterize the intrinsic timescale of state retention and indicate
how frequently transitions occur. The exponential nature of the
DT distribution supports the validity of using this system as a
source of stochastic binary signals, which is essential for applica-
tions in true random number generation.**!

The Boltzmann machine is a classical architecture for proba-
bilistic neural networks in which each node is updated sequen-
tially to optimize the energy function E= —XZwjx;x; until the
thermal equilibrium is achieved. Then, the probability of various
energy states follows the Boltzmann distribution P« exp(—E/T).
An RBM, as a bipartite variant of the BM, allows for parallel
updates by segregating nodes into the visible and hidden layers,

© 2026 The Author(s). Advanced Intelligent Systems published by Wiley-VCH GmbH

9SUSO17 SUOLUWIOD dA 1RO 3|qeatidde auy Ag pauienoh a8 SaoILe YO 198N J0 S3InU o} Akeiq i 8uluO 8|1 UO (SUORIPUOD-pUe-SLLBI WD AD 1M ALeIq 1[I UO//SA1Y) SUORIPUOD PUe SWwis | 8U) 835 *[920¢/T0/9¢] uo AriqiTauniuo A(IM ‘gd1 ejoyureld Ag T9600520¢ AS1/z00T 0T/10p/Wod A3 | 1M Atelq1fpuljuo"paoLeApe// Sy wouy papeojumod ‘0 ‘29570792


http://www.advancedsciencenews.com
http://www.advintellsyst.com

ADVANCED
SCIENCE NEWS

www.advancedsciencenews.com

thereby improving computational efficiency. Updating the
weights of nodes in an RBM is usually achieved through the con-
trastive divergence (CD) method.*”! In this algorithm, the prob-
ability that a node adopts a value of 1 is determined by
P(x;=1)=0(—AE;/T), where AE;= E(x;=0)- E(x;=1) repre-
sents the energy difference when x; is either 0 or 1 and states
of the other nodes are unchanged. T represents a renormalized
temperature, governing the noise level, and o(x) is the sigmoid
function.

The update process comprises a summation of the weighted
products of node values, followed by the application of the sig-
moid function to derive the associated probability distribution
function (PDF). Subsequently, the node values are obtained
via the so-called Gibbs sampling following the predetermined
PDF, which assures convergence of the machine into the
Boltzmann distribution. This process requires probability-
tunable random number generators. Because the sigmoid-style
P-V,, characteristics of SOT-MT]Js closely resemble the required
PDF, SOT-MT]Js can be employed as hardware samplers for BMs
and RBMs.

Then, we developed SOT-MT]J-based RBMs, which demon-
strate strong capabilities in the classification, identification,
and generation tasks. The image classification task is accom-
plished using a linear discriminator. In Figure 2a, two feature
nodes are added to the hidden layer (h) of RBM, specifically label-
ing the “Laugh” and “Glasses” features of emoji images while
image pixels (40 x 40) are encoded by visible nodes (v) of
RBM. Nodes in the hidden and visible layers are mutually con-
nected by a weighted edge wy, which contributes to the overall
energy of the RBM via wyv;h;. Notably, there are no intralayer con-
nections within the hidden or visible layers; connections exist
exclusively between these layers.

The fundamental principle of the linear discriminator, as illus-
trated in Figure 2b, involves constructing a high-dimensional
hyperplane defined by w-v + b = 0, which separates data belong-
ing to different classes. The parameters w and b of the hyper-
plane are determined as follows: For each pixel, taking the
“Laugh” feature as an example, we first compute the sum of val-
ues of the pixel across all images labeled with and without the
“Laugh” feature. The weight vector W, for the “Laugh” hidden
node is then obtained by subtracting the summation values of the
opposite features. Additionally, the bias term b of the hidden
node (L) is calculated as — W ("ﬁ%) where v; and vy, represent
the average pixel values of images with and without the “Laugh”
label, respectively. In such a detailed way in Equation (1), we can
deterministically define a hyperplane to well separate images
with or without the “Laugh” feature.

v = ZVLi (1a)

VNL = ZVNLi (1b)

WL =Vr — VNL (1C)
_ _ VL + VNL

L-S= <v A >WL (1d)

Here, we denote visible nodes of images with (or without) the
“Laugh” feature as vy; (vyy;). Similarly, a parallel computation is
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performed for the “Glasses” hidden node. The sign of the
(w-v + b) values of the L (G) node in the hidden layer effectively
serves as a discriminator to determine whether an image pos-
sesses the corresponding L (G) feature. S is a rescaling factor that
constrains the output of the L node between 1 and —1.

We train our RBM based on a dataset with 20 images for the G
and L nodes, and another 20 images are prepared for testing.
Figure 2c presents representative emoji images labeled with
the “Laugh (L)” and “Glasses (G)” features. However, images that
combine the “Glasses” feature with a nonlaughing expression are
absent. The classification outcomes of our linear discriminator
are summarized in Figure 2d. This method, applied to both L
and G features, consistently yields high accuracy of 90% or
higher. It is also computationally efficient and easy to imple-
ment, making it suitable for low-resource learning tasks.

To disentangle the “Laugh” and “Glass” features, we designed
an enhanced RBM as depicted in Figure 2e. The L and G nodes
from Figure 2a are incorporated as two fixed hidden nodes in the
enhanced RBM. The rest of the RBM part — comprising visible
nodes (in green) and hidden nodes (in orange, inside the box) —
is trained on emoji images to learn the other features rather than
the “Laugh” and “Glass” features and to study the associated
weights by the CD method.*”) However, the weights of the L
and G nodes are directly calculated following the methodology
outlined in Equation (1). Unlike standard RBM training, the vis-
ible layer of RBM is updated using the following formula that
incorporates the calculated weights.

P(vizl\h):a( ai+Zthj+L-S-WL+G-S~WG) 2)
]

Here, a; denotes the constant bias of the i visible node, h;
represents the value of the j* hidden node, and wj; is the edge
weight between the i visible node and the j™ hidden node. L and
G are the hidden nodes devoted to characterizing the smiling
face and the glasses features, respectively, and their values are
restricted to either 1 or —1. S is a rescaling factor used to adjust
the strength of the L and G features.

Within this enhanced RBM, after initialization, we compute
the sum of the weighted products of node values and employ the
sigmoid function to obtain the switching probability, as exempli-
fied in Figure 2e. Notably, the switching probability of the SOT-
MT]J as a function of the driving voltage adheres to the needed
sigmoid function. As a result, subtraction and division opera-
tions on the weighted sum of other node values can directly pro-
duce the appropriate driving voltage for a given node. This
voltage, in turn, governs the switching behavior of SOT-MT].
A successful (or failed) switching operation results in the output
of 1 (or 0).

After the system reaches equilibrium, these binary bits collec-
tively form the pixels of a generated image. In comparison, when
attempting to implement these functions within classical CMOS
circuits, it necessitates not only addition and division operations
but also exponential operations and a [0, 1] uniform random
number generator and a comparator, which doubtlessly increase
circuit complexity and latency. The use of SOT-MT]Js thus ena-
bles faster and more efficient hardware-based probabilistic
sampling.
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Figure 2. Image classification using a linear discriminator and experimental demonstration of disentangling representations based on the improved
RBM. a) The structure of the RBM network used for image classification. b) High-dimensional hyperplane of the linear discriminator separating different
data classes. ¢) Examples of original emoji images labeled by two attributes: presence of glasses and laughing expression. d) The outcomes of image
classification produced by the linear discriminator. ) The network architecture of the enhanced RBM. Notably, two fixed hidden nodes, labeled as L and G,
are introduced. The classical RBM hidden nodes are depicted in orange within the box and visible nodes are depicted in green. An intriguing alignment is
observed, in which the switching probability curve derived from MT]s closely matches the sigmoid function of RBMs. Consequently, after rescaling, the
weighted summation outcome can be transformed into a driving voltage Vi, for an MT) to execute the desired Gibbs sampling for RBMs. The sampling
result of both visible and hidden nodes, 0 or 1, is encoded and read out by the resistance states of the MT]. f) Experimental Workflow: A Python script
coordinates LabVIEW to apply voltage pulses to the MT) and perform subsequent resistance states readout. g) Emoji images with distinct features are
generated using the generative RBM in conjunction with SOT-MT]. h) Classification results obtained via the linear discriminator for images generated by
the SOT-MTJ-enhanced RBM under varying scale factors.

In the enhanced RBM, setting L and G values allows for easy
manipulation of the presence or absence of specific feature com-
binations. In Figure 2f, we elucidate the experimental process of
real-time training for the RBM. The computation of weights
within the RBM is executed by a personal computer (PC).
Subsequently, Python is employed to interface with LabVIEW,
facilitating control over the pulse generator and the voltage
and current source meters. Upon determining the requisite volt-
age, the PC orchestrates the pulse generator to deliver a 50 ns
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pulse to the magnetic tunnel junction. Thereafter, a voltmeter
(Keithley 2182) and a current source (Keithley 2400) are utilized
to measure the resistance of the MT]J, which is then relayed to
Python for further analysis.

In Figure 2g, we present images generated by the SOT-MTJ-
based RBM under various L and G conditions, with the weight
scaling factor S set to 100. Specifically, when L = 1, the generated
images portray “Laugh” faces; the images with G=1 display
“Glasses”. It is worth noting that the database for training does
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not contain any images with combined “not Laugh” and
“Glasses” features. Nevertheless, the enhanced RBM still suc-
cessfully generates images with both attributes, which is repre-
sented by a dashed box in Figure 2g. It not only achieves the
disentanglement of features but also their independent and con-
trollable generations. The classification accuracy under various S
factors is shown in Figure 2h. With increasing S, the accuracy
improves. When S>90, the accuracy for the features of
glasses-wearing and laughing reaches 100%.

To further substantiate the robustness of our model, particu-
larly in handling more complex image datasets, we conducted
simulations using real binarized facial data. Figure 3a illustrates
a subset of the binarized image dataset. Notably, no image in the
dataset includes both a smiling expression and wearing glasses.
Figure 3b exhibits the images generated under diverse settings
for the L, G, and S parameters. As similarly observed in Figure 2,
the original dataset does not contain any images that include both
“Laugh” and “Glasses” features. However, our model successfully
synthesized images incorporating these features as represented by
a blue dashed box in Figure 3b. Second, beyond merely controlling
the presence or absence of individual features, our model enables
continuous tuning of their intensity by adjusting the scaling factor
S associated with L and G nodes. This demonstrates the model’s
effectiveness in disentangling and refining distinct features. For
example, when S=35, the two features appear heavily entangled;
However, at S=100, the feature combinations become signifi-
cantly more distinguishable and purified.

In Figure 3¢, we present a classification analysis of the gener-
ated images using the linear discriminator. Notably, our model
achieves a perfect 100% recognition rate for the original images.
For the generated images, a recognition rate of 100% is also
attained when using only the positive and negative values of L
and G (based on 100 generated images). These results highlight
the robustness and effectiveness of our model in processing
complex real-world image data.

To rigorously benchmark the proposed model, we conduc-
ted comparative experiments against Conditional Generative
Adversarial Networks (cGAN) and Variational Autoencoder (VAE).
Figure 3d-f illustrates the error convergence dynamics of cGAN,
VAE, and our RBM-based model during training, with all three
architectures exhibiting stable convergence behavior. Figure 3g
presents the classification performance on facial attribute recogni-
tion tasks—specifically, smiling expression and glasses-wearing
detection—where our RBM-enhanced framework consistently
achieves perfect classification accuracy (100%) across both met-
rics. Furthermore, Figure 3h provides a comparison of computa-
tional efficiency in terms of training time, revealing substantial
time savings in our implementation. The attribute-specific image
generation results in Figure 3i visually demonstrate our model’s
precise attribute disentanglement capabilities, particularly in syn-
thesizing targeted facial features. Quantitative evaluations in these
figures confirm that the optimized RBM architecture offers dual
advantages: accelerated training and high-fidelity, attribute-con-
trollable image generation, thereby enabling efficient synthesis
of user-defined facial characteristics.

The hardware resources used in our experiment: the CPU is
12th Gen Intel(R) Core(IM) i5-12400F, and the memory is
16 GB. In Figure 4, all the time-consuming results and genera-
tion results are achieved using the same resource configuration.
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Here, we utilize only the L and G nodes in the hidden layer as
linear discriminators to disentangle the corresponding “Laugh”
and “Glasses” features. By adjusting the values of L and G, new
images with desired feature combinations can be generated. In
principle, additional nodes such as L” or G’ can be introduced to
represent higher orders of variables or more nuanced character-
istics, thereby enabling finer-grained disentanglement and
regeneration of complex features. However, such enhancements
did not produce significantly improved results in our current
implementation (see Note S1, Supporting Information).

To further illustrate the robustness of our model, we con-
ducted additional experiments using the Large-scale CelebFaces
Attributes (CelebA) dataset and the Protein Families Database
(Pfam), as shown in Figure 4. The CelebA dataset is a large-scale
celebrity image collection containing over 200 000 images, each
annotated with multiple attributes. We first pretrained an RBM,
then computed the weights corresponding to the G-nodes using
our proposed algorithm, and finally integrated these weights into
the RBM to generate the outputs. The results are shown in
Figure 4a. As demonstrated, the “wearing glasses” attribute
can be effectively combined and disentangled using the simu-
lated performance of SOT-MT]Js — specifically, removing glasses
from images of subjects originally wearing them and adding
glasses to images of subjects without them.

Pfam is a widely used database for classifying protein domains
and families. It primarily addresses two key tasks: functional
annotation of uncharacterized proteins and evolutionary analysis
of homologous proteins. In our study, we used the Seed
Alignment data, which represents manually curated core sequence
alignments that retain conserved regions. Figure 4b presents
two representative Pfam families: “14-3-3” and “2-Hacid_dh.”
The 14-3-3 family corresponds to regulatory proteins that function
by binding to target proteins, thereby participating in the modula-
tion of various signaling pathways — for example, regulating the
cell cycle, proliferation, apoptosis, and protein transport. The 2-
Hacid_dh family belongs to the dehydrogenase catalytic domain
family and plays an essential role in energy metabolism and mate-
rial transformation in organisms.

Figure 4c shows the one-hot encoding scheme for 20 common
amino acids plus one special symbol (X), which is used for
sequence alignment or to denote special residues. The right
panel provides an example of the one-hot encoded output, where
each row contains exactly one “1” and all other entries are “0.”
The number of rows corresponds to the sequence length. In our
experiments, we used a sequence length of 100 (padding shorter
sequences with X and truncating longer ones), resulting in 2100
visible-layer nodes.

Figure 4d presents the classification results for the two protein
families using a linear discriminator. Specifically, 50 sequences
from each family were used for training, while 20 sequences from
each family served as the test set. The results show that our algo-
rithm achieves 100% classification accuracy for both families.

We also trained an RBM on the protein sequences. Figure 4e
shows the reconstruction error as a function of the number of
training iterations, demonstrating that the RBM converged effec-
tively. Figure 4f illustrates the accuracy of generated samples as a
function of the scaling factor S. When S is small, the recognition
rate is low; only when S becomes sufficiently large does the rec-
ognition rate reach 100%. The reported generation accuracy is
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Figure 3. Disentangling image features (Laugh and Glasses) using an enhanced RBM. a) A subset of real facial images. b) Facial images with various
feature combinations, generated under different L and G values. Notably, the original dataset lacks images combining both smiling expression and
glasses. However, our enhanced RBM effectively decouples them and subsequently recombines these features, enabling the synthesis or generation
of unprecedented image content, as highlighted by the blue dashed box. c) Classification results obtained via the linear discriminator for images generated
by the enhanced RBM under varying scale factors. d—f) Comparative analysis of epoch-dependent error trends during training for the (d) Conditional
Generative Adversarial Network (cGAN), (e) Variational Autoencoder (VAE), and (f) RBM. g) Classification performance comparison based on linear
separability for two distinct facial attributes: smiling expressions and glasses. h) Comparative evaluation of computational efficiency in terms of training
time requirements for the three models. i) Visual comparison of attribute-controlled image generation results from the three models.
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Figure 4. Demonstration of feature disentangling on the CelebA Dataset and the Protein Families Database (Pfam). a) Feature disentangling and com-
bination on the CelebA dataset. b) Partial amino acid sequence fragments from two representative Pfam families: “14-3-3” and “2-Hacid_dh.” c) One-hot
encoding of amino acids, including 20 standard residues and one special character for padding or unknown positions. The right panel shows an example
one-hot-encoded sequence, where each row contains exactly one “1” and all remaining entries are “0.” The total number of rows corresponds to the
sequence length (L). In our training, (L = 100), resulting in 2 100 visible-layer nodes. d) Classification of “14-3-3" and “2-Hacid_dh” families using a linear
discriminator, achieving 100% accuracy for both. e) Reconstruction error of the RBM during training, showing a monotonic decrease and eventual
convergence. f) Classification performance of samples generated by the enhanced RBM under different scaling factors.

based on 400 RBM-generated samples, with the target attribute
being non-“14-3-3.” The influence of random number quality
on generative performance is discussed in Note S3, Supporting
Information.

In contrast to the analogous feature disentangling methodolo-
gies, such as generative adversarial networks with complex net-
work architecture®” and restricted RBM with strictly bounded
network weights,”) our data-driven algorithm stands out for its
simplicity and efficiency, thereby easing practical hardware imple-
mentations. Notably, it circumvents the need for intricate adver-
sarial models and labor-intensive weight training processes to
identify feature nodes. Furthermore, the integration of an MTJ-
based true random number generator enhances our approach
by providing high-quality stochastic sampling."? As a result,
our method, along with the SOT-MTJ-based RBM, excels in effi-
ciently accomplishing feature disentanglement, making it a pow-
erful tool for applications requiring both speed and computational
simplicity.

Supporting Information

Supporting Information is available from the Wiley Online Library or from
the author.
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