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Abstract

Infomorphic computing, grounded in partial information decomposition, offers a unified and mathematically
interpretable framework for neuron-autonomous local learning. Its neuronal units operate through dual-input, nonlinear
and tunably stochastic dynamics, inherently eliminating the cross-layer error propagation and associated energy
overhead of backpropagation. However, the lack of hardware primitives that natively embody these dynamics remains
a critical bottleneck, preventing its intrinsic algorithmic advantages from translating into practical hardware efficiency.
Here, we demonstrate, to our knowledge, the first physical infomorphic neuron using CMOS-compatible spintronic
devices, specifically voltage-gated spin-orbit-torque magnetic tunnel junctions (VGSOT-MTJs). We show that the
device physics maps natively onto the core information-theoretic operation, establishing what we define as Infomorphic
Nonlinear Probabilistic Activation (INPA): the SOT current and gate voltage encode receptive (R) and contextual (C)
signals, respectively, jointly modulating the MTJ switching probability to yield a probabilistic binary output. Using this
native primitive, we build spintronic infomorphic neural networks capable of supervised learning, unsupervised learning,
and associative memory tasks with fully local updates, requiring only ~0.5% of the update computation compared to
backpropagation method in the same task. Each INPA operation consumes ~15.86 pJ within 1.6 ns using the VGSOT-
MTJ device. At the system level, our laboratory prototype already achieves ~400 X higher energy efficiency than
GPU-based execution, with projected gains reaching up to six orders of magnitude upon spin-CMOS ASIC integration.

This work establishes a scalable hardware foundation for infomorphic computing, positioning spintronics as a key
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enabler for next-generation energy-efficient machine intelligence with clear mathematical interpretability and minimal

resource overhead.

Introduction

Backpropagation-trained deep networks have fundamentally reshaped scientific discovery and industrial
applications'-8, yet their future scaling is increasingly constrained by energy consumption, data movement, and limited
interpretability. As foundation models scale toward the trillion-parameter regime, they are increasingly constrained by
two major barriers. First, the "energy wall": training frontier-scale models already requires electricity at the GWh scale’,
and the high energy consumption and costs have exceeded the limits of most institutions®. This inefficiency stems
from the von Neumann bottleneck, where repeated movement of synaptic weights can consume orders of magnitude
more energy than the computation itself.%'0 Second, the "interpretability wall": standard deep networks operate as
opaque "black boxes", where the global minimization of error offers no insight into the internal logic of decision-
making'"-'2. Consequently, merely accelerating current architectures is insufficient; overcoming these bottlenecks
requires a fundamental paradigm shift toward hardware-native learning rules that are intrinsically local, physically
efficient, and mathematically transparent’s.

Central to this paradigm is local learning, where each unit updates its parameters using locally available signals,
minimizing global coordination and aligning naturally with parallel and distributed physical substrates®'4-'8, Yet local
learning has not become a general-purpose alternative to backpropagation. Classical biologically inspired rules (e.g.,
Hebbian learning'® and its variants), while plausible, consistently fail to scale to deep networks with competitive
performance. Conversely, modern alternatives, such as contrastive learning?%:2!, local information maximization?? and
predictive coding?®, often rely on task-specific engineering, requiring auxiliary projection heads, negative sampling
strategies, or complex error-routing circuits that complicate physical realizability and limit generalization. A remaining
challenge is to identify a principled and hardware-compatible local objective that can be evaluated using only neuron-
local signals while preserving interpretability.

This gap points to a more fundamental question in machine intelligence: whether learning objectives can be
specified at the level of individual computational units, grounded in information-theoretic first principles, and
implemented without global error propagation. Infomorphic computing has recently emerged as a rigorous framework
that addresses this question by defining neuron-level objectives directly from local input-output statistics.?*. In this
framework, the Infomorphic Neuron (IN) serves as the fundamental information-processing unit (Fig. 1b). Each neuron
produces a stochastic output Y whose activation probability is nonlinearly modulated by its two local inputs R and C,
and the neuron's output statistics reflect the interaction between the input signals. This input-output relationship
defines a joint distribution P(R,C,Y) entirely from local signals, which is then decomposed by Partial Information
Decomposition (PID)? into five information atoms describing distinct contributions of the inputs to the neuronal
response.?62” These atoms are combined into a neuron-level goal function G, and each neuron independently

maximizes its own G using only local signals, thereby enabling fully local weight updates without cross-layer error
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propagation (Fig. 1d). This PID-based formulation provides a first-principles information-theoretic description of

neuron-level learning objectives and links biological notions of local adaptation to scalable artificial networks?8.
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Fig. 1 | Spintronic infomorphic neuron and network architecture. a, Schematic of a cortical pyramidal neuron,
where basal dendrites receive R signals that primarily drive neuronal output, while apical dendrites convey C signals
that modulate neuronal response. b, Conceptual model of an infomorphic neuron. R and C signals jointly determine
the probability of a binary neuronal output through a nonlinear activation function followed by a sigmoid transformation.
¢, Spintronic realization of an infomorphic neuron using a VGSOT-MTJ. The R signal is encoded by the spin-orbit-
torque current, while the C signal is applied through the gate voltage, together modulating the stochastic switching

probability of the MTJ and generating a probabilistic binary output. d, INPA and information-based local learning. Each
3
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spintronic SIN produces a stochastic binary output, and the joint distribution of R signal, C signal and output is
decomposed into unique (Iyng g, lung,c), redundant (I,..4), synergistic (I, ) contributions and residual entropy (H,.) via
PID, which define a neuron-local learning objective. e, SINN with intrinsically local and parallel updates. Each SIN
optimizes its own local objective without global gradient sharing, eliminating the need for global backpropagation and

enabling fast and power-efficient infomorphic learning.

Despite its theoretical elegance, the physical implementation of the IN remains challenging because the model
imposes stringent structural and functional requirements. Structurally, the IN is inspired by the compartmental
organization of cortical pyramidal neurons?® (Fig. 1a), separately integrating two distinct classes of input signals: basal
dendrites that integrate receptive (feedforward) signals, and apical dendrites that convey contextual signalss?,
including feedback3'32, labels'?, or rewards33, which modulate the learning process®43. Functionally, the IN requires
two non-trivial computational operations. First, it requires nonlinear information integration, in which R and C inputs
are combined through multiplicative interaction terms, rather than through a purely additive weighted sum. Second, it
requires probabilistic activation, in which the output is mapped through a sigmoid function and sampled via a Bernoulli
process, yielding intrinsically stochastic binary responses (Fig. 1b). These requirements can be implemented in CMOS,
but typically at the cost of additional peripheral circuits for nonlinear computation, stochastic sampling, and signal
routing, which can increase system overhead. The resulting peripheral overhead and data movement can outweigh
the cost of the core computation itself36-38, This mismatch creates a significant “implementation gap”. As a result,
infomorphic local learning has so far been limited to theory, hindering its scalable physical realization and practical
deployment.

In this work, we demonstrate that the voltage-gated spin-orbit-torque magnetic tunnel junction (VGSOT-MTJ)
provides a physical substrate suited to the structural and functional requirements of the IN, combining two independent
control ports with intrinsically stochastic MTJ switching dynamics3®#'. We experimentally realize a Spintronic
Infomorphic Neuron (SIN), in which the SOT current encodes the R signal and the gate voltage (V;) encodes the C
signal. These two inputs jointly modulate the probabilistic switching dynamics of the free-layer magnetization,
producing a nonlinear, continuously tunable switching probability that directly defines the binary probabilistic neuronal
output Y (Fig. 1c). We term this device-level behavior Infomorphic Nonlinear Probabilistic Activation (INPA), which
serves as the core functional primitive of the SIN. The joint probability distribution p(R,C,Y) provides the statistical
basis for PID, enabling local learning objectives to be constructed from five information atoms that drive weight updates
(Fig. 1d). Building on this physical primitive, we construct spintronic infomorphic neural networks (SINNs) that enables
fully parallel local updates without cross-layer gradient backpropagation and demonstrate supervised learning,
unsupervised learning, and associative memory tasks (Fig. 1e; Supplementary Fig. 4 for the local-update workflow

comparison with conventional backpropagation). This work establishes the first device realization of infomorphic
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computing, bridging information-theoretic learning principles with device physics and laying a hardware foundation for
high-performance infomorphic chips.

Results

Device characterization and probabilistic switching

The SIN device primitive requires both reliable binary-state readout and probabilistic switching controlled by two
independent terminals. We therefore characterize the VGSOT-MTJ that serves as the device primitive of the SIN. The
device employs a synthetic antiferromagnetic (SAF)/CoFeB/MgO/CoFeB/W stack (Fig. 2a) and exhibits clear
perpendicular magnetic anisotropy, as confirmed by its magnetic hysteresis loop. A tunneling magnetoresistance
(TMR) ratio of 119% (Fig. 2b) ensures robust electrical discrimination between the two magnetic states. Voltage-gated
SOT switching under various gate voltages (Fig. 2¢) shows that applying a positive gate voltage reduces the critical
switching voltage by approximately 25% at Ve = 0.5 V, confirming that the voltage-controlled magnetic anisotropy

(VCMA) effect modulates the energy barrier for SOT-driven magnetization reversal.
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Fig. 2 | Device characterization and probabilistic switching behavior of the VGSOT-MTJ used as the SIN
device primitive. a, Schematic of the film stack of the fabricated VGSOT-MTJ device. b, TMR measurement under
perpendicular magnetic fields, showing a TMR of 119%. ¢, VGSOT switching under different gate voltages V;,
demonstrating gate-controlled modulation of the critical SOT switching voltage Vsot. d, Experimental setup used for
probabilistic switching measurements. e, Magnetization switching probability Pgy, as a function of Vsqr for various
V;, measured with 100 ys pulses and averaged over 100 switching cycles. f, Magnetization switching probability Psy,

as a function of V5gp for different V,;, measured with 10 ns short pulses and averaged over 100 switching cycles.
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To evaluate the stochastic switching behavior, we measure switching probabilities under pulsed excitation (Fig. 2d).
A switching event induced by a single pulse is encoded as “1” (high state), whereas no switching is encoded as “0”
(low state). Thus, each pulse directly yields a binary stochastic output at the device level, consistent with a Bernoulli
process. For long pulses (100 us), we characterize both antiparallel-to-parallel (AP-to-P) and parallel-to-antiparallel
(P-to-AP) transitions and estimate the switching probability P, by averaging over 100 cycles (Fig. 2e), confirming
well-defined probabilistic switching in both magnetization-reversal directions. We then examine operation in the
nanosecond regime using 10 ns pulses (Fig. 2f). Although both switching directions exhibit well-defined probabilistic
behavior under long pulses, the SIN defines its binary neuronal output using the AP-to-P switching branch.

We therefore focus on this transition for the subsequent extraction of the activation function. As shown in Fig. 2f,
the Psyw measured with 10 ns pulses across a series of gate voltages is well described by sigmoid functions and
spans the full probability range from 0 to 1. Under a given input condition, each pulse therefore produces a binary
stochastic output with a continuously tunable Bernoulli probability, providing the device-level basis for the subsequent
activation-function extraction. The detailed measurement procedure for each probability data point is provided in
Supplementary Fig. 1.

Device-to-device variation is a critical factor in determining overall network reliability and learning accuracy, so we
extended our characterization to an array of fabricated devices. Supplementary Fig. 2 presents the probabilistic
switching behavior of six devices randomly selected from the fabricated VGSOT-MTJ array. All devices exhibit highly
consistent sigmoidal Psyw — Vsor curves and minimal device-to-device variation, with an average Psy standard
deviation of aggy, = 0.031.

Together, these results show that the VGSOT-MTJ combines reliable binary readout, gate-tunable probabilistic
switching and sigmoid-like switching statistics in the nanosecond regime, thereby establishing the device basis for
implementing the SIN.

VGSOT-MTJ-based SIN module design

The core operation of the SIN is the INPA, a dual-input probabilistic operation that combines nonlinear input
integration with stochastic binary output generation. Here we use supervised learning on the MNIST handwritten-digit
dataset as a representative example to illustrate the mapping between the abstract INPA process and its device-level
implementation (Fig. 3a). In this case, the pixel intensity of a digit image (e.g., “7”) serves as the receptive signal R,
whereas its label information provides the contextual signal €. These two inputs jointly determine the neuronal
activation A(R, C), which is transformed by a sigmoid function ¢(4) into an output probability. A Bernoulli process
then generates a binary output Y € {0,1}, completing the INPA of the infomorphic neuron.

As shown in Fig. 3b, the VGSOT-MTJ directly implements INPA in hardware. The two inputs play distinct physical
roles: the SOT pulse provides the direct drive for magnetization reversal and thus serves as the receptive pathway,
whereas the gate voltage primarily modulates the anisotropy energy barrier through the VCMA effect, thereby

reshaping the switching-probability landscape and serving as the contextual pathway. Their cooperative action

6



167
168
169
170

171
172

173
174
175
176
177
178
179
180
181
182
183
184

determines the switching probability between the P and AP states, which are assigned to Y=1 and Y=0, respectively.
Together, these two physical inputs realize a nonlinear probabilistic activation, while the intrinsic stochasticity of

magnetization dynamics produces the binary neuronal output.
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Fig. 3 | Working principle of the SIN. a, Schematic of an infomorphic neuron receiving R and C inputs, which are
integrated through an activation function A(R,C) and transformed by a sigmoid function to generate a spike
probability. b, Physical implementation using a VGSOT-MTJ. The SOT pulse encodes the R signal and V; serves
as C signal. During switching, V; tunes the magnetic anisotropy energy barrier, thereby modulating the stochastic
switching probability of the MTJ. ¢, Discrete representation of the nonlinear activation probability in the SIN. Owing to
finite switching statistics, the activation probability corresponding to a given (Vsor, V) input pair is represented by
discrete probability levels. d, Fitting of the neuron activation function. Activation probabilities obtained under different

(Vsor, Vi) conditions are fitted to yield the effective activation function of the SIN, described by o(A(Vsor, V5))-

For a given input pair, the SIN produces a single binary output in one operation, with the probability of Y=1
determined by the corresponding switching probability. To estimate this probability experimentally, we repeat the
switching measurement under identical (Vsor, Vi) conditions and calculate the fraction of Y=1 events. Because this

estimate is based on a finite number of trials, the sampled activation probabilities appear as discrete levels, as shown
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in Fig. 3c. This repeated sampling is used only for device characterization and activation-function extraction; in
operation, each input elicits a single stochastic binary output.

By repeatedly sampling under different (Vso1, V) conditions, we obtain the switching-probability distribution Psw
(Vsot » Vi)- Fitting the experimental data yields the activation function o(A(Vsor,V;)) of the SIN, expressed as:

Psw (Y = 1|Vsor , Vg)=0 (aVsor + bV + cVsorVe),

where the cross term VsorV; captures the nonlinear coupling between the two physical inputs. The fitted three-
dimensional activation landscape (Fig. 3d; Supplementary Fig. 3) shows continuous dual-input control of the output
probability across the full activation range. This experiment therefore extracts the neuron activation function directly
from device statistics, yielding a hardware-implemented probabilistic activation in which both nonlinear input
integration and stochastic sampling are performed intrinsically by the device, without auxiliary random-number
generators or external nonlinear circuits. Taken together, these results show that the VGSOT-MTJ fulfills the key
structural and functional requirements of the IN, thereby realizing a SIN and providing the physical neuron module for

constructing SINN.

Supervised learning with SINN

Supervised learning was implemented using a single-layer SINN comprising ten neurons trained on the MNIST
handwritten digit dataset (Fig. 4a—e). Image pixels were applied as R inputs with all-to-all connectivity to the SINs,
providing the driving signals, while digit labels were introduced during training as C inputs through one-to-one
connectivity, serving as modulatory signals. This architectural asymmetry enables each neuron to maximize the
redundant information I,.4.nqan: Shared between image and label inputs, thereby promoting specialization toward a
specific digit class.

During inference, only the R inputs are applied and C inputs are removed. Classification is performed by evaluating
the spike rates of all ten neurons over a fixed temporal window of 10 timesteps and selecting the neuron with the
highest firing rate. As illustrated in Fig. 4b for the representative case of class 0, neurons initially exhibit comparable
spike rates, indicating poor class separability. With continued training, the neuron corresponding to class 0
progressively develops a dominant response, demonstrating successful emergence of class-specific representations.
The evolution of PID information quantities during training is summarized in Fig. 4c. The redundant information (I,..4)
increases monotonically, while the residual entropy (H,.,) decreases, consistent with the PID objective: as the shared
information between image and label inputs increases, the network develops increasingly selective responses to
individual digit classes.

To validate the physical feasibility of INPA, we implemented a proof-of-concept hardware platform based on a single
VGSOT-MTJ device with programmable write and read operations (Supplementary Fig. 5 and Supplementary Note
6). The INPA characteristics of VGSOT-MTJ-based SINs used in Fig. 4d were extracted directly from this hardware
platform, whereas network-level parallelism was implemented through time multiplexing.

Figure 4d compares the classification performance of infomorphic networks constructed using three neuron models:

a software-based infomorphic neuron, a VGSOT-MTJ-based SIN with the full activation function (including the coupling

8
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term ¢ - Vgor - Vi), and a VGSOT-MTJ-based SIN with the coupling term removed (¢ = 0). The full-model VGSOT-
MTJ-based SINN achieves a classification accuracy of 88.13%, comparable to that of the software implementation. In
contrast, the network using the decoupled activation function (¢ = 0) exhibits degraded performance, indicating that
the coupling term is important for preserving the dual-input interaction required for INPA. The normalized final synaptic
weight matrices of the three networks are shown in Fig. 4e. The full-model VGSOT-MTJ-based SINN exhibits weight
patterns closely matching those obtained from the software model, whereas the ¢ =0 SINN shows pronounced
deviations. These results confirm that the multiplicative interaction between Vsor and Vg inthe VGSOT-MTJ is critical
for implementing INPA and translating infomorphic learning principles into physical hardware.
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Fig. 4 | Supervised learning with SINN. a, Schematic of supervised learning on the MNIST dataset. During training,
ten neurons (N=10) receive image pixels as R inputs and digit labels as one-to-one C inputs. During inference, C
inputs are removed; classification is performed based on the spike-rate responses of the neurons. b, Evolution of
spike rates during training for the case of class 0. ¢, Information quantities averaged over all neurons, showing the
optimization of redundant information between image input and label signal, based on 20 independent training runs.
d, MNIST image recognition accuracies of networks constructed using software-based infomorphic neurons, VGSOT-
MTJ-based SINs, and VGSOT-MTJ-based SINs with the coupling term removed (¢ = 0). e, Learned synaptic weight

distributions of the three types of neural networks after training.
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Unsupervised learning and associative memory in recurrent SINN

We next examined recurrent SINN in unsupervised learning and associative memory tasks to demonstrate the
versatility of the VGSOT-MTJ-based framework (Fig. 5a—h). We first constructed a minimal two-neuron recurrent SINN
for unsupervised learning on the breast cancer dataset (Fig. 5a—c). Each neuron received standardized R inputs
derived from the 30-dimensional feature vector, and no external C input was provided. Under this setting, the network
is driven to maximize the unique information (I,,, ) carried by the R inputs, leading to unsupervised feature-level
specialization. As shown in Fig. 3b, I,,qr increases during training, whereas the residual entropy (H,.,) decreases,
indicating that the two neurons progressively specialize toward distinct, non-overlapping feature representations.
Across 20 independent trials, the network achieves an average classification accuracy of approximately 81.1%, with
a maximum accuracy of 92.6% (Fig. 5c), as evaluated under the better-matched neuron-to-class assignment.

We next investigated associative memory using a recurrent SINN comprising 35 VGSOT-MTJ-based SINs (Fig. 5d—
h). The dataset consists of 26 capital letters, each represented by a 5x7 binary pixel pattern. In this recurrent
configuration, R inputs at time t were generated from the weighted network state at time t — 1, whereas external
letter patterns were applied as C signals through one-to-one pixel-to-neuron mapping. The non-volatile nature of the
VGSOT-MTJ enabled direct persistence of binary neuron states between successive timesteps.

During training, N noiseless letter patterns were randomly selected and presented sequentially as contextual cues,
where N denotes the number of stored patterns shown in Fig. 5g,h. Synaptic weights were locally updated to
maximize the redundant information (I,..;) between recurrent receptive signals at time t — 1 and contextual signals at
time t. During inference, a noisy letter pattern (a = 0.2, representing randomly flipped pixels) was presented as a
contextual cue for one timestep, after which the contextual input was removed and the network evolved freely for 20
timesteps. Recall accuracy was evaluated from the cosine similarity between the final network state and the original
noiseless pattern (Fig. 5d,f). As shown in Fig. 5e, I,., increases monotonically while H,., decreases, indicating the
progressive formation of stable associative memory states. Correspondingly, recall accuracy improves with training
and decreases as the number of stored patterns increases (Fig. 5f), reflecting the higher recall difficulty under larger
memory loads.

To evaluate robustness against device non-idealities, we incorporated experimentally measured device-to-device
variations (Supplementary Fig. 2) into the network model, with details provided in Supplementary Note 7. As shown in
Fig. 5g, SINN with device variation maintains recall accuracy close to that of ideal-device SINN across different
numbers of stored patterns, indicating strong tolerance to hardware variability. Finally, we compared the associative

memory performance of the SINN with that of a classical Hopfield neural network (HNN). As shown in Fig. 5h, the
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SINN achieves higher recall accuracy and superior noise tolerance, demonstrating the advantage of the SINN

framework for robust associative memory.
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Fig. 5 | Unsupervised learning and associative memory learning with SINN. a, Schematic of unsupervised
learning performed on a binary breast cancer dataset using two neurons (N = 2). b, Information quantities averaged
over all neurons during unsupervised learning, based on 20 independent training runs. ¢, Classification accuracies
obtained from 20 independent inference tests. d, Schematic of associative-memory learning in a recurrent SINN
composed of 35 VGSOT-MTJ neurons. e, Information quantities averaged over all neurons during associative-
memory learning, based on 20 independent training runs. f, Training accuracy across 20 independent runs for different
numbers of stored patterns. g, Final recall accuracy of the SINN with ideal devices and with device-to-device variation
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over different numbers of stored patterns. h, Final recall accuracy of the SINN compared with a classical HNN under

two levels of input image noise.

Discussion

We have demonstrated a proof-of-concept hardware realization of a SIN based on a VGSOT-MTJ, providing a
hardware route toward physical implementations of infomorphic computing. By implementing a dual-input, tunably
stochastic neuron primitive in hardware, we further constructed the single-layer SINN that support supervised,
unsupervised, and associative-memory learning. These results show that the key functional requirements of
infomorphic learning can be directly embodied at the device level, rather than being imposed solely through abstract
algorithmic design.

This hardware primitive is well suited to local learning in several respects. First, the underlying SOT-driven
magnetization dynamics operate on nanosecond timescales, enabling rapid probabilistic state updates. Sub-
nanosecond switching was experimentally observed (Supplementary Fig. 6), indicating that the physical neuron can
in principle support high-speed on-device operation. Second, because weight updates are governed by local neuronal
activity rather than cross-layer error propagation, this framework is naturally compatible with highly parallel learning
when extended to larger arrays. Third, the physical realization of probabilistic activation through stochastic VGSOT-
MTJ switching provides high intrinsic energy efficiency at the device level. Each INPA update consumes ~15.86 pJ
and 1.6 ns in the VGSOT-MTJ devices, while the system-level prototype containing the MCU already achieves ~400
X higher energy efficiency than the GPU, with projected gains of up to six orders of magnitude upon spin-CMOS
ASIC integration (Supplementary Notes 3 and 4).

The high energy efficiency of the SINN extends beyond the device-level INPA operation. At the algorithm-hardware
level, infomorphic learning removes the need for global error backpropagation and the repeated cross-layer data
movement on which conventional training relies. Our energy analysis, based on a representative Digital Computing-
In-Memory baseline (state-of-the-art architecture for backpropagation), shows a ~68 X energy advantage over
backpropagation for the considered supervised-learning task, requiring only ~0.5% of the update computation
(Supplementary Note 5). Moreover, the observed robustness to device non-idealities is consistent with the local
character of the update rule: perturbations remain confined to individual neurons rather than being recursively
amplified across layers*2. This probabilistic nature of INPA could further reduce sensitivity to device-level fluctuations
by embedding stochasticity within the operating principle of the neuron itself.

A key distinction of our work lies in the intrinsic coupling between two physical mechanisms in the VGSOT-MTJ,
enabling probabilistic computation to be directly realized at the device level. Unlike prior probabilistic hardware
platforms#3-%0 and stochastic neuromorphic systems®'52, where randomness is commonly used for sampling,
annealing, or variability emulation33-57, here, stochasticity is elevated to a core computational primitive. The coupled
action of spin-orbit torque and voltage-controlled magnetic anisotropy, independently tunable via two electrical inputs,

defines the neuron behavior required to encode the interaction between receptive (R) and contextual (C) inputs, as
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prescribed by PID. In this sense, computation is not externally imposed but instead emerges from the underlying
CMOS-compatible device physics, enabling practical hardware realization.

This study remains a proof-of-concept demonstration at the device and single-layer network levels. Future work will
focus on extending to multilayer architectures, and further peripheral circuits, ultimately paving the way for scalable
SINN chips. More broadly, this work demonstrates that device physics can be co-designed with interpretable local
learning objectives, offering a potential path toward hardware systems in which learning rules are directly embodied

in physical dynamics.

Materials and Methods

Fabrication and characterization of VGSOT-MTJ devices

To fabricate the top-pinned VGSOT-MTJ devices used in this work, a multilayer stack of W/CoFeB (free
layer)/MgO/CoFeB (reference layer)/SAF/Ru/Ta/Ru (from bottom to top, Fig. 2a) was deposited on a thermally
oxidized 8-inch Si substrate by magnetron sputtering. Post-deposition annealing was carried out at 350 °C for 20 min
in high vacuum to induce strong perpendicular magnetic anisotropy (PMA). The MTJ pillars, with a nominal diameter
of 250 nm, were subsequently patterned through standard microfabrication procedures. The TMR ratio was measured
at room temperature by the two-probe method. A low testing current | (approximately 10 yA) was applied between the
bottom electrode and the top electrode, while a voltage was measured between the same terminals to determine the

MTJ resistance.

Electrical measurements

The electrical setup used for switching probability characterization is illustrated in Fig. 2d. Two independent paths
were employed: one for the SOT voltage (Vs,or) and the other for the VCMA gate voltage (V;;). Each path contained a
high-frequency channel and a DC channel, which were decoupled by bias tees. The VCMA path shared its bias tee
with the MTJ readout circuit, enabling both pulse application and resistance measurement through the same line.
Voltage pulses were generated by an Active Technologies PG-1074 high-frequency pulse generator, and the
transmission lines were connected to a 50 Q impedance-matched Tektronix MSO54 oscilloscope for real-time
monitoring of pulse waveform, amplitude, and timing.

For resistance readout, a Keithley 6221 precision current source, and a Keithley 2182A nanovoltmeter, were
connected through the DC channel to provide a sensing current and measure the corresponding voltage drop across
the MTJ, from which the MTJ resistance was determined. For the switching probability measurements from the high-
to low-resistance state, the MTJ was first initialized to the high-resistance (antiparallel) state by applying an external
perpendicular magnetic field. During testing, an in-plane magnetic field of 50 mT was applied to assist magnetization
switching. Positive Vsor pulses together with V; pulses were then applied to induce switching. After each excitation,
the MTJ resistance was measured to determine whether the device had switched to the low-resistance (parallel) state.

The same procedure was applied in reverse for the low-to-high resistance switching. At each Vsgr,, the measurement
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was repeated 100 times under identical conditions, and the switching probability was defined as the ratio of successful

switching events to the total number of trials.

SIN model
The VGSOT-MTJ was used as the physical neuron primitive in this work. Its switching probability surface, Psw (Y =
1|Vsot , Vi), was experimentally mapped by applying 100 repeated voltage pulses at each (Vsor, V) operating point.
To obtain the device-level INPA, the measured switching-probability surface was fitted by logistic regression, yielding
an effective activation function:
A(Vsor, Vg) = aVsor + bVg + cVsorVs,
where the coefficients (a,b,c) were obtained by logistic regression. And the corresponding switching (firing)

probability was defined as:

1
1+e—(aVSOT+bVG+CVSOTVG) ’

Psw (Y = 1|Vsor , V)= 0 (A(Vsor, Vi) =

In simulations, neuronal outputs were generated as:
Y~Be7‘n0ulli( PSW(Y = 1|VSOT ) VG)),
thereby directly linking the experimentally measured device statistics to stochastic neuronal outputs. Detailed fitting

parameters and goodness-of-fit are provided in Supplementary Fig. 3.

Spintronic infomorphic neural network framework

At the network level, each neuron locally updates its receptive and contextual synaptic weights (wg, w.) by stochastic
gradient ascent on the PID-based objective:

G = Ygoar " Ipi
where
Ipip = [Lung,r lung,c: Ireas Lsyn» Hres]"

Here, y40q1 Selected the targeted information atom according to the learning paradigm, with .., used for supervised
and associative-memory learning, and I,z for unsupervised feature extraction. At each forward pass, the INPA-
driven stochastic binary output Y, together with the receptive and contextual variables (R, C), are collected into a
minibatch, from which the empirical joint distribution p(R,C,Y) was estimated using discretized histograms. The

weight updates were then computed as:

aG aG
AWR =nM’AWC =T]M

For each task, receptive and contextual variables were constructed in a task-dependent manner and mapped to
(Vsot » V) to drive the INPA. During inference, weights were held fixed and task-specific evaluation protocols were
applied. Details of the network structure, parameter settings, and histogram configuration are provided in
Supplementary Note 1 and Supplementary Table 1; full derivations of the PID-based objective and its gradients are

given in Supplementary Note 2.
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