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 12 

Abstract 13 

Infomorphic computing, grounded in partial information decomposition, offers a unified and mathematically 14 

interpretable framework for neuron-autonomous local learning. Its neuronal units operate through dual-input, nonlinear 15 

and tunably stochastic dynamics, inherently eliminating the cross-layer error propagation and associated energy 16 

overhead of backpropagation. However, the lack of hardware primitives that natively embody these dynamics remains 17 

a critical bottleneck, preventing its intrinsic algorithmic advantages from translating into practical hardware efficiency. 18 

Here, we demonstrate, to our knowledge, the first physical infomorphic neuron using CMOS-compatible spintronic 19 

devices, specifically voltage-gated spin-orbit-torque magnetic tunnel junctions (VGSOT-MTJs). We show that the 20 

device physics maps natively onto the core information-theoretic operation, establishing what we define as Infomorphic 21 

Nonlinear Probabilistic Activation (INPA): the SOT current and gate voltage encode receptive (R) and contextual (C) 22 

signals, respectively, jointly modulating the MTJ switching probability to yield a probabilistic binary output. Using this 23 

native primitive, we build spintronic infomorphic neural networks capable of supervised learning, unsupervised learning, 24 

and associative memory tasks with fully local updates, requiring only ~0.5% of the update computation compared to 25 

backpropagation method in the same task. Each INPA operation consumes ~15.86 pJ within 1.6 ns using the VGSOT-26 

MTJ device. At the system level, our laboratory prototype already achieves ~400× higher energy efficiency than 27 

GPU-based execution, with projected gains reaching up to six orders of magnitude upon spin-CMOS ASIC integration. 28 

This work establishes a scalable hardware foundation for infomorphic computing, positioning spintronics as a key 29 
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enabler for next-generation energy-efficient machine intelligence with clear mathematical interpretability and minimal 30 

resource overhead. 31 

 32 

Introduction 33 

Backpropagation-trained deep networks have fundamentally reshaped scientific discovery and industrial 34 

applications1–6, yet their future scaling is increasingly constrained by energy consumption, data movement, and limited 35 

interpretability. As foundation models scale toward the trillion-parameter regime, they are increasingly constrained by 36 

two major barriers. First, the "energy wall": training frontier-scale models already requires electricity at the GWh scale7, 37 

and the high energy consumption and costs have exceeded the limits of most institutions8. This inefficiency stems 38 

from the von Neumann bottleneck, where repeated movement of synaptic weights can consume orders of magnitude 39 

more energy than the computation itself.9,10 Second, the "interpretability wall": standard deep networks operate as 40 

opaque "black boxes", where the global minimization of error offers no insight into the internal logic of decision-41 

making11,12. Consequently, merely accelerating current architectures is insufficient; overcoming these bottlenecks 42 

requires a fundamental paradigm shift toward hardware-native learning rules that are intrinsically local, physically 43 

efficient, and mathematically transparent13. 44 

Central to this paradigm is local learning, where each unit updates its parameters using locally available signals, 45 

minimizing global coordination and aligning naturally with parallel and distributed physical substrates9,14–18. Yet local 46 

learning has not become a general-purpose alternative to backpropagation. Classical biologically inspired rules (e.g., 47 

Hebbian learning19 and its variants), while plausible, consistently fail to scale to deep networks with competitive 48 

performance. Conversely, modern alternatives, such as contrastive learning20,21, local information maximization22 and 49 

predictive coding23, often rely on task-specific engineering, requiring auxiliary projection heads, negative sampling 50 

strategies, or complex error-routing circuits that complicate physical realizability and limit generalization. A remaining 51 

challenge is to identify a principled and hardware-compatible local objective that can be evaluated using only neuron-52 

local signals while preserving interpretability. 53 

This gap points to a more fundamental question in machine intelligence: whether learning objectives can be 54 

specified at the level of individual computational units, grounded in information-theoretic first principles, and 55 

implemented without global error propagation. Infomorphic computing has recently emerged as a rigorous framework 56 

that addresses this question by defining neuron-level objectives directly from local input-output statistics.24. In this 57 

framework, the Infomorphic Neuron (IN) serves as the fundamental information-processing unit (Fig. 1b). Each neuron 58 

produces a stochastic output 𝑌 whose activation probability is nonlinearly modulated by its two local inputs R and C, 59 

and the neuron's output statistics reflect the interaction between the input signals. This input-output relationship 60 

defines a joint distribution P(R, C, Y) entirely from local signals, which is then decomposed by Partial Information 61 

Decomposition (PID)25 into five information atoms describing distinct contributions of the inputs to the neuronal 62 

response.26,27 These atoms are combined into a neuron-level goal function ܩ , and each neuron independently 63 

maximizes its own ܩ using only local signals, thereby enabling fully local weight updates without cross-layer error 64 
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propagation (Fig. 1d). This PID-based formulation provides a first-principles information-theoretic description of 65 

neuron-level learning objectives and links biological notions of local adaptation to scalable artificial networks28.  66 

 67 

 68 

Fig. 1 | Spintronic infomorphic neuron and network architecture. a, Schematic of a cortical pyramidal neuron, 69 

where basal dendrites receive R signals that primarily drive neuronal output, while apical dendrites convey C signals 70 

that modulate neuronal response. b, Conceptual model of an infomorphic neuron. R and C signals jointly determine 71 

the probability of a binary neuronal output through a nonlinear activation function followed by a sigmoid transformation. 72 

c, Spintronic realization of an infomorphic neuron using a VGSOT-MTJ. The R signal is encoded by the spin-orbit-73 

torque current, while the C signal is applied through the gate voltage, together modulating the stochastic switching 74 

probability of the MTJ and generating a probabilistic binary output. d, INPA and information-based local learning. Each 75 
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spintronic SIN produces a stochastic binary output, and the joint distribution of R signal, C signal and output is 76 

decomposed into unique (ܫ௨௡௤,ோ ,  via 77 (௥௘௦ܪ) contributions and residual entropy (௦௬௡ܫ) synergistic ,(௥௘ௗܫ) ௨௡௤,஼), redundantܫ

PID, which define a neuron-local learning objective. e, SINN with intrinsically local and parallel updates. Each SIN 78 

optimizes its own local objective without global gradient sharing, eliminating the need for global backpropagation and 79 

enabling fast and power-efficient infomorphic learning. 80 

 81 

Despite its theoretical elegance, the physical implementation of the IN remains challenging because the model 82 

imposes stringent structural and functional requirements. Structurally, the IN is inspired by the compartmental 83 

organization of cortical pyramidal neurons29 (Fig. 1a), separately integrating two distinct classes of input signals: basal 84 

dendrites that integrate receptive (feedforward) signals, and apical dendrites that convey contextual signals30, 85 

including feedback31,32, labels19, or rewards33, which modulate the learning process34,35. Functionally, the IN requires 86 

two non-trivial computational operations. First, it requires nonlinear information integration, in which R and C inputs 87 

are combined through multiplicative interaction terms, rather than through a purely additive weighted sum. Second, it 88 

requires probabilistic activation, in which the output is mapped through a sigmoid function and sampled via a Bernoulli 89 

process, yielding intrinsically stochastic binary responses (Fig. 1b). These requirements can be implemented in CMOS, 90 

but typically at the cost of additional peripheral circuits for nonlinear computation, stochastic sampling, and signal 91 

routing, which can increase system overhead. The resulting peripheral overhead and data movement can outweigh 92 

the cost of the core computation itself36–38. This mismatch creates a significant “implementation gap”. As a result, 93 

infomorphic local learning has so far been limited to theory, hindering its scalable physical realization and practical 94 

deployment.  95 

In this work, we demonstrate that the voltage-gated spin-orbit-torque magnetic tunnel junction (VGSOT-MTJ) 96 

provides a physical substrate suited to the structural and functional requirements of the IN, combining two independent 97 

control ports with intrinsically stochastic MTJ switching dynamics39–41. We experimentally realize a Spintronic 98 

Infomorphic Neuron (SIN), in which the SOT current encodes the R signal and the gate voltage ( Gܸ) encodes the C 99 

signal. These two inputs jointly modulate the probabilistic switching dynamics of the free-layer magnetization, 100 

producing a nonlinear, continuously tunable switching probability that directly defines the binary probabilistic neuronal 101 

output Y (Fig. 1c). We term this device-level behavior Infomorphic Nonlinear Probabilistic Activation (INPA), which 102 

serves as the core functional primitive of the SIN. The joint probability distribution ݌(ܴ, ,ܥ 𝑌) provides the statistical 103 

basis for PID, enabling local learning objectives to be constructed from five information atoms that drive weight updates 104 

(Fig. 1d). Building on this physical primitive, we construct spintronic infomorphic neural networks (SINNs) that enables 105 

fully parallel local updates without cross-layer gradient backpropagation and demonstrate supervised learning, 106 

unsupervised learning, and associative memory tasks (Fig. 1e; Supplementary Fig. 4 for the local-update workflow 107 

comparison with conventional backpropagation). This work establishes the first device realization of infomorphic 108 
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computing, bridging information-theoretic learning principles with device physics and laying a hardware foundation for 109 

high-performance infomorphic chips. 110 

Results 111 

 112 

Device characterization and probabilistic switching 113 

The SIN device primitive requires both reliable binary-state readout and probabilistic switching controlled by two 114 

independent terminals. We therefore characterize the VGSOT-MTJ that serves as the device primitive of the SIN. The 115 

device employs a synthetic antiferromagnetic (SAF)/CoFeB/MgO/CoFeB/W stack (Fig. 2a) and exhibits clear 116 

perpendicular magnetic anisotropy, as confirmed by its magnetic hysteresis loop. A tunneling magnetoresistance 117 

(TMR) ratio of 119% (Fig. 2b) ensures robust electrical discrimination between the two magnetic states. Voltage-gated 118 

SOT switching under various gate voltages (Fig. 2c) shows that applying a positive gate voltage reduces the critical 119 

switching voltage by approximately 25% at VG = 0.5 V, confirming that the voltage-controlled magnetic anisotropy 120 

(VCMA) effect modulates the energy barrier for SOT-driven magnetization reversal. 121 

 122 

 123 

Fig. 2 | Device characterization and probabilistic switching behavior of the VGSOT–MTJ used as the SIN 124 

device primitive. a, Schematic of the film stack of the fabricated VGSOT–MTJ device. b, TMR measurement under 125 

perpendicular magnetic fields, showing a TMR of 119%. c, VGSOT switching under different gate voltages ܸீ , 126 

demonstrating gate-controlled modulation of the critical SOT switching voltage SܸOT. d, Experimental setup used for 127 

probabilistic switching measurements. e, Magnetization switching probability SܲW as a function of SܸOT for various 128 ܸீ , measured with 100 μs pulses and averaged over 100 switching cycles. f, Magnetization switching probability SܲW 129 

as a function of SܸOT for different ܸீ , measured with 10 ns short pulses and averaged over 100 switching cycles. 130 
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 131 

To evaluate the stochastic switching behavior, we measure switching probabilities under pulsed excitation (Fig. 2d).  132 

A switching event induced by a single pulse is encoded as “1” (high state), whereas no switching is encoded as “0” 133 

(low state). Thus, each pulse directly yields a binary stochastic output at the device level, consistent with a Bernoulli 134 

process. For long pulses (100 μs), we characterize both antiparallel-to-parallel (AP-to-P) and parallel-to-antiparallel 135 

(P-to-AP) transitions and estimate the switching probability ௌܲௐ by averaging over 100 cycles (Fig. 2e), confirming 136 

well-defined probabilistic switching in both magnetization-reversal directions. We then examine operation in the 137 

nanosecond regime using 10 ns pulses (Fig. 2f). Although both switching directions exhibit well-defined probabilistic 138 

behavior under long pulses, the SIN defines its binary neuronal output using the AP-to-P switching branch.  139 

We therefore focus on this transition for the subsequent extraction of the activation function. As shown in Fig. 2f, 140 

the SܲW measured with 10 ns pulses across a series of gate voltages is well described by sigmoid functions and 141 

spans the full probability range from 0 to 1. Under a given input condition, each pulse therefore produces a binary 142 

stochastic output with a continuously tunable Bernoulli probability, providing the device-level basis for the subsequent 143 

activation-function extraction. The detailed measurement procedure for each probability data point is provided in 144 

Supplementary Fig. 1. 145 

Device-to-device variation is a critical factor in determining overall network reliability and learning accuracy, so we 146 

extended our characterization to an array of fabricated devices. Supplementary Fig. 2 presents the probabilistic 147 

switching behavior of six devices randomly selected from the fabricated VGSOT-MTJ array. All devices exhibit highly 148 

consistent sigmoidal SܲW − SܸOT  curves and minimal device-to-device variation, with an average SܲW  standard 149 

deviation of ߪௌௐ = 0.031. 150 

Together, these results show that the VGSOT-MTJ combines reliable binary readout, gate-tunable probabilistic 151 

switching and sigmoid-like switching statistics in the nanosecond regime, thereby establishing the device basis for 152 

implementing the SIN. 153 

 154 

VGSOT-MTJ-based SIN module design 155 

The core operation of the SIN is the INPA, a dual-input probabilistic operation that combines nonlinear input 156 

integration with stochastic binary output generation. Here we use supervised learning on the MNIST handwritten-digit 157 

dataset as a representative example to illustrate the mapping between the abstract INPA process and its device-level 158 

implementation (Fig. 3a). In this case, the pixel intensity of a digit image (e.g., “7”) serves as the receptive signal ܴ, 159 

whereas its label information provides the contextual signal ܥ . These two inputs jointly determine the neuronal 160 

activation ܣ(ܴ,  into an output probability. A Bernoulli process 161 (ܣ)ߪ which is transformed by a sigmoid function ,(ܥ

then generates a binary output 𝑌 ∈ {0,1}, completing the INPA of the infomorphic neuron.  162 

As shown in Fig. 3b, the VGSOT-MTJ directly implements INPA in hardware. The two inputs play distinct physical 163 

roles: the SOT pulse provides the direct drive for magnetization reversal and thus serves as the receptive pathway, 164 

whereas the gate voltage primarily modulates the anisotropy energy barrier through the VCMA effect, thereby 165 

reshaping the switching-probability landscape and serving as the contextual pathway. Their cooperative action 166 
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determines the switching probability between the P and AP states, which are assigned to Y=1 and Y=0, respectively. 167 

Together, these two physical inputs realize a nonlinear probabilistic activation, while the intrinsic stochasticity of 168 

magnetization dynamics produces the binary neuronal output.   169 

 170 

171 

Fig. 3 | Working principle of the SIN. a, Schematic of an infomorphic neuron receiving ܴ and ܥ inputs, which are 172 

integrated through an activation function ܣ(ܴ, (ܥ  and transformed by a sigmoid function to generate a spike 173 

probability. b, Physical implementation using a VGSOT-MTJ. The SOT pulse encodes the ܴ signal and Gܸ serves 174 

as ܥ signal. During switching, Gܸ tunes the magnetic anisotropy energy barrier, thereby modulating the stochastic 175 

switching probability of the MTJ. c, Discrete representation of the nonlinear activation probability in the SIN. Owing to 176 

finite switching statistics, the activation probability corresponding to a given ( SܸOT, Gܸ) input pair is represented by 177 

discrete probability levels. d, Fitting of the neuron activation function. Activation probabilities obtained under different 178 ( SܸOT, Gܸ) conditions are fitted to yield the effective activation function of the SIN, described by ܣ)ߪ( SܸOT, Gܸ)). 179 

  180 

For a given input pair, the SIN produces a single binary output in one operation, with the probability of Y=1 181 

determined by the corresponding switching probability. To estimate this probability experimentally, we repeat the 182 

switching measurement under identical ( SܸOT , Gܸ) conditions and calculate the fraction of Y=1 events. Because this 183 

estimate is based on a finite number of trials, the sampled activation probabilities appear as discrete levels, as shown 184 
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in Fig. 3c. This repeated sampling is used only for device characterization and activation-function extraction; in 185 

operation, each input elicits a single stochastic binary output. 186 

By repeatedly sampling under different ( SܸOT , Gܸ) conditions, we obtain the switching-probability distribution PSW 187 

( SܸOT , Gܸ). Fitting the experimental data yields the activation function ܣ)ߪ( SܸOT , Gܸ)) of the SIN, expressed as: 188 

PSW (𝑌 = 1| SܸOT , Gܸ)=ߪ(ܽ SܸOT + ܾ Gܸ + ܿ SܸOT Gܸ), 189 

where the cross term SܸOT Gܸ  captures the nonlinear coupling between the two physical inputs. The fitted three-190 

dimensional activation landscape (Fig. 3d; Supplementary Fig. 3) shows continuous dual-input control of the output 191 

probability across the full activation range. This experiment therefore extracts the neuron activation function directly 192 

from device statistics, yielding a hardware-implemented probabilistic activation in which both nonlinear input 193 

integration and stochastic sampling are performed intrinsically by the device, without auxiliary random-number 194 

generators or external nonlinear circuits. Taken together, these results show that the VGSOT-MTJ fulfills the key 195 

structural and functional requirements of the IN, thereby realizing a SIN and providing the physical neuron module for 196 

constructing SINN. 197 

 198 

Supervised learning with SINN 199 

Supervised learning was implemented using a single-layer SINN comprising ten neurons trained on the MNIST 200 

handwritten digit dataset (Fig. 4a–e). Image pixels were applied as R inputs with all-to-all connectivity to the SINs, 201 

providing the driving signals, while digit labels were introduced during training as C inputs through one-to-one 202 

connectivity, serving as modulatory signals. This architectural asymmetry enables each neuron to maximize the 203 

redundant information ܫ௥௘ௗ௨௡ௗ௔௡௧  shared between image and label inputs, thereby promoting specialization toward a 204 

specific digit class.  205 

During inference, only the R inputs are applied and C inputs are removed. Classification is performed by evaluating 206 

the spike rates of all ten neurons over a fixed temporal window of 10 timesteps and selecting the neuron with the 207 

highest firing rate. As illustrated in Fig. 4b for the representative case of class 0, neurons initially exhibit comparable 208 

spike rates, indicating poor class separability. With continued training, the neuron corresponding to class 0 209 

progressively develops a dominant response, demonstrating successful emergence of class-specific representations. 210 

The evolution of PID information quantities during training is summarized in Fig. 4c. The redundant information (ܫ௥௘ௗ) 211 

increases monotonically, while the residual entropy (ܪ௥௘௦) decreases, consistent with the PID objective: as the shared 212 

information between image and label inputs increases, the network develops increasingly selective responses to 213 

individual digit classes. 214 

To validate the physical feasibility of INPA, we implemented a proof-of-concept hardware platform based on a single 215 

VGSOT-MTJ device with programmable write and read operations (Supplementary Fig. 5 and Supplementary Note 216 

6). The INPA characteristics of VGSOT-MTJ-based SINs used in Fig. 4d were extracted directly from this hardware 217 

platform, whereas network-level parallelism was implemented through time multiplexing. 218 

Figure 4d compares the classification performance of infomorphic networks constructed using three neuron models: 219 

a software-based infomorphic neuron, a VGSOT-MTJ-based SIN with the full activation function (including the coupling 220 
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term ܿ ∙ SܸOT ∙ Gܸ), and a VGSOT-MTJ-based SIN with the coupling term removed (ܿ = 0). The full-model VGSOT-221 

MTJ-based SINN achieves a classification accuracy of 88.13%, comparable to that of the software implementation. In 222 

contrast, the network using the decoupled activation function (ܿ = 0) exhibits degraded performance, indicating that 223 

the coupling term is important for preserving the dual-input interaction required for INPA. The normalized final synaptic 224 

weight matrices of the three networks are shown in Fig. 4e. The full-model VGSOT-MTJ-based SINN exhibits weight 225 

patterns closely matching those obtained from the software model, whereas the ܿ = 0 SINN shows pronounced 226 

deviations. These results confirm that the multiplicative interaction between SܸOT and Gܸ in the VGSOT-MTJ is critical 227 

for implementing INPA and translating infomorphic learning principles into physical hardware. 228 

 229 

Fig. 4 | Supervised learning with SINN. a, Schematic of supervised learning on the MNIST dataset. During training, 230 

ten neurons (N=10) receive image pixels as R inputs and digit labels as one-to-one C inputs. During inference, C 231 

inputs are removed; classification is performed based on the spike-rate responses of the neurons. b, Evolution of 232 

spike rates during training for the case of class 0. c, Information quantities averaged over all neurons, showing the 233 

optimization of redundant information between image input and label signal, based on 20 independent training runs. 234 

d, MNIST image recognition accuracies of networks constructed using software-based infomorphic neurons, VGSOT-235 

MTJ-based SINs, and VGSOT-MTJ-based SINs with the coupling term removed (ܿ = 0). e, Learned synaptic weight 236 

distributions of the three types of neural networks after training. 237 

 238 
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Unsupervised learning and associative memory in recurrent SINN 239 

We next examined recurrent SINN in unsupervised learning and associative memory tasks to demonstrate the 240 

versatility of the VGSOT-MTJ-based framework (Fig. 5a–h). We first constructed a minimal two-neuron recurrent SINN 241 

for unsupervised learning on the breast cancer dataset (Fig. 5a–c). Each neuron received standardized R inputs 242 

derived from the 30-dimensional feature vector, and no external C input was provided. Under this setting, the network 243 

is driven to maximize the unique information (ܫ௨௡௤,ோ) carried by the R inputs, leading to unsupervised feature-level 244 

specialization. As shown in Fig. 5b, ܫ௨௡௤,ோ increases during training, whereas the residual entropy (ܪ௥௘௦) decreases, 245 

indicating that the two neurons progressively specialize toward distinct, non-overlapping feature representations. 246 

Across 20 independent trials, the network achieves an average classification accuracy of approximately 81.1%, with 247 

a maximum accuracy of 92.6% (Fig. 5c), as evaluated under the better-matched neuron-to-class assignment. 248 

We next investigated associative memory using a recurrent SINN comprising 35 VGSOT-MTJ-based SINs (Fig. 5d–249 

h). The dataset consists of 26 capital letters, each represented by a 5×7 binary pixel pattern. In this recurrent 250 

configuration, R inputs at time ݐ were generated from the weighted network state at time ݐ − 1, whereas external 251 

letter patterns were applied as C signals through one-to-one pixel-to-neuron mapping. The non-volatile nature of the 252 

VGSOT-MTJ enabled direct persistence of binary neuron states between successive timesteps. 253 

During training, ܰ noiseless letter patterns were randomly selected and presented sequentially as contextual cues, 254 

where ܰ  denotes the number of stored patterns shown in Fig. 5g,h. Synaptic weights were locally updated to 255 

maximize the redundant information (ܫ௥௘ௗ) between recurrent receptive signals at time ݐ − 1 and contextual signals at 256 

time ݐ. During inference, a noisy letter pattern (α = 0.2, representing randomly flipped pixels) was presented as a 257 

contextual cue for one timestep, after which the contextual input was removed and the network evolved freely for 20 258 

timesteps. Recall accuracy was evaluated from the cosine similarity between the final network state and the original 259 

noiseless pattern (Fig. 5d,f). As shown in Fig. 5e, ܫ௥௘ௗ  increases monotonically while ܪ௥௘௦ decreases, indicating the 260 

progressive formation of stable associative memory states. Correspondingly, recall accuracy improves with training 261 

and decreases as the number of stored patterns increases (Fig. 5f), reflecting the higher recall difficulty under larger 262 

memory loads. 263 

To evaluate robustness against device non-idealities, we incorporated experimentally measured device-to-device 264 

variations (Supplementary Fig. 2) into the network model, with details provided in Supplementary Note 7. As shown in 265 

Fig. 5g, SINN with device variation maintains recall accuracy close to that of ideal-device SINN across different 266 

numbers of stored patterns, indicating strong tolerance to hardware variability. Finally, we compared the associative 267 

memory performance of the SINN with that of a classical Hopfield neural network (HNN). As shown in Fig. 5h, the 268 
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SINN achieves higher recall accuracy and superior noise tolerance, demonstrating the advantage of the SINN 269 

framework for robust associative memory. 270 

 271 

Fig. 5 | Unsupervised learning and associative memory learning with SINN. a, Schematic of unsupervised 272 

learning performed on a binary breast cancer dataset using two neurons (N = 2). b, Information quantities averaged 273 

over all neurons during unsupervised learning, based on 20 independent training runs. c, Classification accuracies 274 

obtained from 20 independent inference tests. d, Schematic of associative-memory learning in a recurrent SINN 275 

composed of 35 VGSOT–MTJ neurons. e, Information quantities averaged over all neurons during associative-276 

memory learning, based on 20 independent training runs. f, Training accuracy across 20 independent runs for different 277 

numbers of stored patterns. g, Final recall accuracy of the SINN with ideal devices and with device-to-device variation 278 
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over different numbers of stored patterns. h, Final recall accuracy of the SINN compared with a classical HNN under 279 

two levels of input image noise.  280 

Discussion  281 

We have demonstrated a proof-of-concept hardware realization of a SIN based on a VGSOT-MTJ, providing a 282 

hardware route toward physical implementations of infomorphic computing. By implementing a dual-input, tunably 283 

stochastic neuron primitive in hardware, we further constructed the single-layer SINN that support supervised, 284 

unsupervised, and associative-memory learning. These results show that the key functional requirements of 285 

infomorphic learning can be directly embodied at the device level, rather than being imposed solely through abstract 286 

algorithmic design. 287 

This hardware primitive is well suited to local learning in several respects. First, the underlying SOT-driven 288 

magnetization dynamics operate on nanosecond timescales, enabling rapid probabilistic state updates. Sub-289 

nanosecond switching was experimentally observed (Supplementary Fig. 6), indicating that the physical neuron can 290 

in principle support high-speed on-device operation. Second, because weight updates are governed by local neuronal 291 

activity rather than cross-layer error propagation, this framework is naturally compatible with highly parallel learning 292 

when extended to larger arrays. Third, the physical realization of probabilistic activation through stochastic VGSOT-293 

MTJ switching provides high intrinsic energy efficiency at the device level. Each INPA update consumes ~15.86 pJ 294 

and 1.6 ns in the VGSOT-MTJ devices, while the system-level prototype containing the MCU already achieves ~400295 

× higher energy efficiency than the GPU, with projected gains of up to six orders of magnitude upon spin-CMOS 296 

ASIC integration (Supplementary Notes 3 and 4). 297 

The high energy efficiency of the SINN extends beyond the device-level INPA operation. At the algorithm-hardware 298 

level, infomorphic learning removes the need for global error backpropagation and the repeated cross-layer data 299 

movement on which conventional training relies. Our energy analysis, based on a representative Digital Computing-300 

In-Memory baseline (state-of-the-art architecture for backpropagation), shows a ~68×  energy advantage over 301 

backpropagation for the considered supervised-learning task, requiring only ~0.5% of the update computation 302 

(Supplementary Note 5). Moreover, the observed robustness to device non-idealities is consistent with the local 303 

character of the update rule: perturbations remain confined to individual neurons rather than being recursively 304 

amplified across layers42. This probabilistic nature of INPA could further reduce sensitivity to device-level fluctuations 305 

by embedding stochasticity within the operating principle of the neuron itself.  306 

A key distinction of our work lies in the intrinsic coupling between two physical mechanisms in the VGSOT-MTJ, 307 

enabling probabilistic computation to be directly realized at the device level. Unlike prior probabilistic hardware 308 

platforms43–50 and stochastic neuromorphic systems51,52, where randomness is commonly used for sampling, 309 

annealing, or variability emulation53–57, here, stochasticity is elevated to a core computational primitive. The coupled 310 

action of spin-orbit torque and voltage-controlled magnetic anisotropy, independently tunable via two electrical inputs, 311 

defines the neuron behavior required to encode the interaction between receptive (R) and contextual (C) inputs, as 312 
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prescribed by PID. In this sense, computation is not externally imposed but instead emerges from the underlying 313 

CMOS-compatible device physics, enabling practical hardware realization. 314 

This study remains a proof-of-concept demonstration at the device and single-layer network levels. Future work will 315 

focus on extending to multilayer architectures, and further peripheral circuits, ultimately paving the way for scalable 316 

SINN chips. More broadly, this work demonstrates that device physics can be co-designed with interpretable local 317 

learning objectives, offering a potential path toward hardware systems in which learning rules are directly embodied 318 

in physical dynamics. 319 

 320 

Materials and Methods 321 

 322 

Fabrication and characterization of VGSOT-MTJ devices 323 

To fabricate the top-pinned VGSOT-MTJ devices used in this work, a multilayer stack of W/CoFeB (free 324 

layer)/MgO/CoFeB (reference layer)/SAF/Ru/Ta/Ru (from bottom to top, Fig. 2a) was deposited on a thermally 325 

oxidized 8-inch Si substrate by magnetron sputtering. Post-deposition annealing was carried out at 350 °C for 20 min 326 

in high vacuum to induce strong perpendicular magnetic anisotropy (PMA). The MTJ pillars,  with a nominal diameter 327 

of 250 nm, were subsequently patterned through standard microfabrication procedures. The TMR ratio was measured 328 

at room temperature by the two-probe method. A low testing current I (approximately 10 μA) was applied between the 329 

bottom electrode and the top electrode, while a voltage was measured between the same terminals to determine the 330 

MTJ resistance.   331 

 332 

Electrical measurements  333 

The electrical setup used for switching probability characterization is illustrated in Fig. 2d. Two independent paths 334 

were employed: one for the SOT voltage ( ௌܸை்) and the other for the VCMA gate voltage (ܸீ ). Each path contained a 335 

high-frequency channel and a DC channel, which were decoupled by bias tees. The VCMA path shared its bias tee 336 

with the MTJ readout circuit, enabling both pulse application and resistance measurement through the same line. 337 

Voltage pulses were generated by an Active Technologies PG-1074 high-frequency pulse generator, and the 338 

transmission lines were connected to a 50 Ω impedance-matched Tektronix MSO54 oscilloscope for real-time 339 

monitoring of pulse waveform, amplitude, and timing. 340 

For resistance readout, a Keithley 6221 precision current source, and a Keithley 2182A nanovoltmeter, were 341 

connected through the DC channel to provide a sensing current and measure the corresponding voltage drop across 342 

the MTJ, from which the MTJ resistance was determined. For the switching probability measurements from the high- 343 

to low-resistance state, the MTJ was first initialized to the high-resistance (antiparallel) state by applying an external 344 

perpendicular magnetic field. During testing, an in-plane magnetic field of 50 mT was applied to assist magnetization 345 

switching. Positive SܸOT pulses together with Gܸ pulses were then applied to induce switching. After each excitation, 346 

the MTJ resistance was measured to determine whether the device had switched to the low-resistance (parallel) state. 347 

The same procedure was applied in reverse for the low-to-high resistance switching. At each SܸOT,, the measurement 348 
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was repeated 100 times under identical conditions, and the switching probability was defined as the ratio of successful 349 

switching events to the total number of trials. 350 

 351 

SIN model 352 

The VGSOT-MTJ was used as the physical neuron primitive in this work. Its switching probability surface, PSW (𝑌 =353 1| SܸOT , Gܸ), was experimentally mapped by applying 100 repeated voltage pulses at each ( SܸOT , Gܸ) operating point. 354 

To obtain the device-level INPA, the measured switching-probability surface was fitted by logistic regression, yielding 355 

an effective activation function: 356 ܣ( SܸOT , Gܸ) = ܽ SܸOT + ܾ Gܸ + ܿ SܸOT Gܸ, 357 

where the coefficients (ܽ, ܾ, ܿ)  were obtained by logistic regression. And the corresponding switching (firing) 358 

probability was defined as: 359 

PSW (𝑌 = 1| SܸOT , Gܸ)= )ܣ)ߪ SܸOT , Gܸ)) = 11+௘−(ೌೇSOT+್ೇG+೎ೇSOTೇG), 360 

In simulations, neuronal outputs were generated as: 361 𝑌~݈݈݅ݑ݋݊ݎ݁ܤ( SܲW(𝑌 = 1| SܸOT , Gܸ)), 362 

thereby directly linking the experimentally measured device statistics to stochastic neuronal outputs. Detailed fitting 363 

parameters and goodness-of-fit are provided in Supplementary Fig. 3.  364 

 365 

Spintronic infomorphic neural network framework 366 

At the network level, each neuron locally updates its receptive and contextual synaptic weights (ݓோ ,  ஼) by stochastic 367ݓ

gradient ascent on the PID-based objective: 368 ܩ = ௚௢௔௟Tߛ ∙  PID, 369ܫ

where 370 ܫPID = ௨௡௤,ோܫ] , ,௨௡௤,Cܫ ௥௘ௗܫ , ௦௬௡ܫ ,  ௥௘௦]T 371ܪ

Here, ߛ௚௢௔௟ selected the targeted information atom according to the learning paradigm, with ܫ௥௘ௗ  used for supervised 372 

and associative-memory learning, and ܫ௨௡௤,ோ for unsupervised feature extraction. At each forward pass, the INPA-373 

driven stochastic binary output 𝑌, together with the receptive and contextual variables (ܴ,  are collected into a 374 ,(ܥ

minibatch, from which the empirical joint distribution ݌(ܴ, ,ܥ 𝑌) was estimated using discretized histograms. The 375 

weight updates were then computed as: 376 Δݓோ = η ோݓ∂ܩ∂ , Δݓ஼ = η  ஼ 377ݓ∂ܩ∂

For each task, receptive and contextual variables were constructed in a task-dependent manner and mapped to 378 ( SܸOT , Gܸ) to drive the INPA. During inference, weights were held fixed and task-specific evaluation protocols were 379 

applied. Details of the network structure, parameter settings, and histogram configuration are provided in 380 

Supplementary Note 1 and Supplementary Table 1; full derivations of the PID-based objective and its gradients are 381 

given in Supplementary Note 2. 382 

 383 
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