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ACCESSIBLE OVERVIEW Artificial intelligence (Al) holds transformative potential across science and soci-
ety. Among the algorithms that underpin Al, backpropagation (BP) is a cornerstone, providing the foundation
for training artificial neural networks and driving the deep learning revolution. However, the BP algorithm re-
mains computationally intensive, particularly due to its reliance on numerous multiplication operations. In
this work, we focus on accelerating one of the computationally demanding steps in BP: the computation
of activation function gradients. This is achieved using spin-orbit torque magnetic tunnel junctions, a class
of spintronic devices that inherently exhibit stochastic switching behavior. By exploiting this intrinsic
randomness, we transform deterministic gradient computations into consecutive sampling events. This
yields a probabilistic gradient of the activation function, which replaces the exact gradient. This approach
inherently identifies neurons operating in high-sensitivity regions that require weight updates while bypass-
ing those in saturated regions, where gradients are negligible. This selective updating reduces the number of
multiplication operations during the BP process. Overall, this work establishes spintronic devices as accel-
erators for activation function gradient computation, transforming a costly deterministic operation into effi-
cient stochastic sampling and opening a pathway toward energy-efficient Al.

SUMMARY

The backpropagation (BP) algorithm, which updates parameters by following the reverse gradient of loss
functions, is fundamental to artificial neural networks (ANNs). Its hardware realization can significantly impact
the performance of artificial intelligence systems. Here, we present an approach that uses the probabilistic
gradient of activation function (p-GAF) instead of the precise gradient to update networks. The p-GAF can
be acquired in hardware via stochastic samplings of spintronic true random number generators (TRNGs)
with an activation-function-like sampling performance. This approach significantly reduces the number of
“multiplication” operations by automatically screening gradient components that contribute little to the up-
date, thereby improving BP efficiency. The approach has been experimentally validated for an ANN perform-
ing the XOR logic gate and simulated as feasible for another ANN recognizing the MNIST dataset, where
multiplication operations are reduced by ~80%, compared to the classic BP algorithm. Given the funda-
mental status of the BP algorithm, this probabilistic version provides a practical path toward BP hardware
that can boost Al development.

Newton 2, 100520, August 3, 2026 © 2026 Elsevier Inc. 1
All rights are reserved, including those for text and data mining, Al training, and similar technologies.



mailto:wancaihua@iphy.ac.cn
mailto:xfhan@iphy.ac.cn
https://doi.org/10.1016/j.newton.2026.100520

Please cite this article in press as: Xu et al.,,
Newton (2026), https://doi.org/10.1016/j.newton.2026.100520

Back propagation eased by spintronic-hardware-sampled probabilistic gradient of activation function,

- ¢? CellPress

Output layer

Newton

e,

r
/
| — I
Q Q A [Yo=sgmoidX,) | .
/ I Determine the derivative of the activation function for each node !
|
/1O © « O |poemnetedoiaivg fth acivation funcion o ecch node |
Q [ y y y li Conventional | p-GAF it
I L L2 LN, :IBack Propagation! | Back Propagation i
/ : A I:Ca|cu|ate the derivative | :Sampllng twice according to the :I:
Q Q Q / | % | precisely: lor! probability of o ; : |:|
/ : | : | : If the sampling outcomes = 1 and 0: :I:
[ I I ) I
/ I o [ | o, = I
N o' . =0, -(1-0, ) | L !
STTATTA A { 1 S X _ZL:y w4 p T ( L’): | Else: i
0 0 O O 5|2 umurhll . |
| ! c = [ptepteptepleptepteptepteptepteptepteptepteiiligieyiuyiuyinyinyinytnytepieteteyteyteteye eyttt |
' ' = i
! ! o O O O L
|Q Q Q : : g XL,1 XL,2 XL,NL Ab , 7 :E :
| ~T b
| o L.j :a? |
| I . I
Q0O _ 0O . <. w AW, ;=Y 4004, g !
\ ! Lij $7 7777777 N T TTTTTTTTTTTTTT T Q|
\ i . L+1 =
Q Q Q \\\ : YL—“ - SIngId(XL—1v") 7 z Wiaij* o' L+1,) ZL+1] (1<L<L,) : S :
—~ W _ ! L J=1 [
1 \\ } O O O Y _yideal (L _ L ) : :
L L [ \ i Li Li = Lax
O O O O \i Y Y Y, v
o ———_—_—_—_——_

Input layer

Figure 1. Streamline of the ANN training following the BP algorithm

The network contains up to L.« layers. The green nodes represent the input and output layers. The gray and blue nodes correspond to neurons that perform
linear and nonlinear activation functions, respectively. N, denotes the number of neurons in the L-th layer. ¢ and ¢’ represent the sigmoid-style activation function
and its derivative, respectively. The BP algorithm consists of the forward inference and error BP steps. In the conventional BP algorithm, the derivative of the
activation function is obtained through calculation (the blue dashed-line box), whereas the p-GAF-BP algorithm simplifies the differentiation operation by sto-

chastic sampling (the red dashed-line box).
INTRODUCTION

Artificial intelligence (Al), as a transformative computation para-
digm, holds incalculable value in revolutionizing industries and
lives; however, its training demands significant energy and
costs.” It is thus imperative in this context to develop hardware
oriented to accelerate typical Al algorithms owing to its faster
processing, lower latency, higher energy efficiency, and higher
parallelism, especially for edge computing. Among numerous
Al algorithms, the backpropagation (BP) algorithm exclusively
occupies the foundational position, provides a rigorous method
for artificial neural network (ANN) training, and promotes the
pace of deep learning.”™ Though carefully designed photonic,
mechanical, or electronic networks®~’ can circumvent the BP al-
gorithm and train themselves by leveraging their energy-relaxa-
tion process in physics, the flexibility, generality, versatility, and
universality of the BP algorithm applicable to diverse network ar-
chitectures, different tasks, distinct domains, and various data-
sets still solidify its cornerstone status in Al R&D. Hence,
emerging microelectronic devices that can directly map basic
operations in the BP algorithm and substantially speed it up
are always desperately desired.

Every iteration of the BP algorithm includes a forward infer-
ence step and an error-BP step (Figure 1). In the former, one
data point is fed to the input layer. Subsequently, by implement-
ing the L-layers of weighted average X, = W, Y,_1 + B, and
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nonlinear activation Y, = F(X,), the inference result Y nax is ob-
tained. By comparing it with the ideal Y we attain a loss func-
tion loss = |V . — Y’dea’| of the ANN, which is essentially a
high-dimensional energy landscape with regard to the parame-
ters W, and B,. In the latter, by employing the chain rule and
the conventional BP algorithm, we can compute the gradient
of loss. Finally, those parameters are updated along the reverse
direction of the gradient, leading to the minimization of loss iter-
ation by iteration.

The BP algorithm includes 4 elementary operations: multipli-
cation (x), addition (+), nonlinear activation (f(x)), and its differen-
tiation (f'(x)). The former three have been hardwired. Nonvolatile
memories (RRAM, FeRAM, and MRAM) with a crossbar layout
have been utilized to perform multiply-accumulate operations
in parallel, thereby accelerating both x and +.57'2 Meanwhile,
spintronic or resistive devices with nonlinear characteris-
tics,"®" such as magnetic domain wall devices,”>*® have
been invented to emulate nonlinear functions. Only the differen-
tiation operation remains to be implemented in hardware.

One efficient way to implement the last operation is to deploy
unique activation functions whose derivatives are constant, as in
ReLU, or depend only on their function values. For instance, for
the sigmoid function, ¢/(x) = o(1 — o); for the tanh function,
tanh'(x) = 1 — tanh?(x). Nevertheless, these derivatives still
expend additional — and x operations. To further improve
computational efficiency, a more hardware-friendly approach
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would be to directly measure both ' (x) and f(x) in physical device
implementations.

Here, we demonstrate that magnetic tunnel junctions (MTJs),
invaluable spintronic devices, can serve as a physical engine
to simultaneously enhance the computational efficiency of
both f'(x) and f(x) via the nonlinearity of the switching probability
P on writing current / and, accordingly, the stochastic sampling.
This property enables a probabilistic-gradient-of-activation-
function-accelerated BP (p-GAF-BP) algorithm, in which (1) the
derivatives of the activation function are determined through
two stochastic samplings by MTJ rather than the precise
calculation and (2) the p-GAF, instead of the precise gradient,
is adopted to optimize the loss globally and, meanwhile, to
save computational overheads. Then, we exploit MTJs as the
derivative engine to streamline the training of an ANN for the
XOR logic in experiments and for the MNIST image recognition
in simulations. The latter reduces the number of x operations
by ~80%. This work paves another avenue for spintronic de-
vices to accelerate the fundamental differentiation operation
and improve the training efficiency of ANNs.

RESULTS

The MTJ stack consists of W(3)/CoFeB(1.4)/MgO(1.5)/CoFeB(3)/
W(0.4)/Co(2.7)/IrMn(10)/Ru(4 nm). After being fabricated into
spin-orbit torque MTJs (SOT-MTJs),>* the devices exhibit an
aspect ratio of approximately 2:1 (inset in Figure 2D), favoring
an in-plane magnetic easy axis along the long axis and the
Y-type SOT switching mode. As illustrated in Figures 2C and
2D, the fabricated SOT-MTJs exhibit a high tunnel magnetore-
sistance (TMR) ratio of 110% and a critical current (density) of
approximately 0.5 mA (2.8 x 107 A/lcm?) at 1 ms. These results
demonstrate the high quality of the fabricated MTJs. We then
generalize the SOT-MTJs as true random number generators
(TRNGs). Our MTJs have an energy barrier > 40 kgT. To induce
their probabilistic switching, we initialize them in the parallel state
and then apply a current pulse with elevated amplitude to raise
them to an energy level around the barrier top, where thermal
fluctuation has a chance of stochastically determining the final
state of MTJs (Figure 2B). In this scenario, MTJs can act as Ber-
noulli TRNGs with a tunable probability P or (1 — P) to draw the
high-resistance (Ry) or low-resistance (R,) state, respectively.
The population of the sampled Ry, state grows with the increase
in | (Figure 2E). This remarkable tunability in P is valuable and
exquisitely exploited as shown below.

The switching probability, or average value P, statistically
derived from the Ry population as a function of the writing current
1, is summarized in Figures 3B and 3D. Each data point originates
from the statistics of 200 reset-sampling attempts. Depending on
representation, binary or bipolar, the P-/ relation can be well fitted
by the sigmoid or hyperbolic tangent function, respectively. This
correspondence allows MTJs to simulate nonlinear activation
functions of artificial neurons as reported previously.'**°

Moreover, we observe that ¢'(k(/ — a)) = k - 6(1 — 0): the deriv-
ative of ¢ is exactly k times the occurrence probability of (10)
pairs in two independent draws, where ¢ and (1 — o) represent
the probabilities of sampling 1 and 0, respectively, in each indi-
vidual draw. Therefore, if Ry (digital 1) or R, (digital 0) is sampled
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using MTJ at a fixed / for a large number of times N, we not only
obtain the probability of sampling 1, P(1) = 6 = N4/N, by counting
the occurrence frequency of Ry but also its derivative, ¢ (k(I —
a) =k -o(1 —o0)=k-P10) = k - 2N4o/N, simultaneously
(Figure 3A). Ny and N4o denote the number of times that 1 and
(10) pairs are sampled in the N sampling attempts, respectively.
P(1) and P(10) denote the corresponding probabilities. Before
sampling, N1 and N4q are initialized to zero. During the sampling
procedure, as 1 is sampled, N, is increased by one. However,
only when the outcome of two adjacent samplings is the (10)
pair is the value of N4g incremented by one; otherwise, the value
of Nip remains unchanged. The obtained P(10)-/ relation
(Figure 3C) closely matches the ¢ (k(/ — a))/k function. Here, the
differential operation is effectively transformed into the stochas-
tic sampling operation. The latter can be considerably faster and
more efficient when implemented in MTJs.

If the P-/ relation is fitted by the hyperbolic tangent function,
the transformation can still be achieved following the relation
tanh'(k(l — a)) = k(1 — tanh?k(l — a))) = 4ko(2k(l — a))o(-2k(l —
a)) = 4ko(2k(l — a))[1 — o(2k(l — a))] = dko(k(2l — a) — a))[1 —
ok((2l — a) — a))] = 4k - P(1, —1)@ 2/_a = 4k - 2N1 _1/N. The deriv-
ative of tanh(k(/ — a)) at x = | corresponds to the probability of
the following two samplings, sequentially drawing R} (digital 1)
and R_ (digital —1) at 2/ — a. In practice, the MTJ is switched at
2] — a (not at /), and then N, _4 is incremented by one only
when the (1,—1) pair is sampled. The obtained P(1,—1)-/ relation
closely matches tanh’(k(l — a))/(4k) (Figure 3E). Figure 3 clearly
demonstrates that MTJs can emulate the sigmoid and tanh func-
tions along with their derivatives simultaneously. This approach
of converting derivative operations into stochastic samplings
can also be generalized to other nonlinear functions, such as
ReLU or leaky RelLU (details are provided in Note S1), without
introducing unacceptable complexities.

Recently, an interesting simulation work employed two MTJs
with orthogonal reference layers to approximate both tanh(x)
and [tanh’(x)]”z concurrently.”® This approach requires an addi-
tional square operation to obtain tanh’(x). Our method is innova-
tive in transforming the derivation calculation into the sampling
operation, which can help to automatically identify the domi-
nating components of the precise gradient of the /oss function,
as shown below. Furthermore, our method of sampling is strictly
accurate and directly estimates both f(x) and f'(x) without addi-
tional computations. Besides, the used devices are SOT-
MTJs,?*?"=20 which feature simpler structures. These advan-
tages indicate their practical usage in Al training.

Hereafter, MTJ-TRNGs are employed as the accelerator to
simplify the differentiation of loss functions, using ¢’(x) as an illus-
trative example. Two approaches are considered. (1) Many sam-
plings are performed to obtain a precise ¢'(x) and the precise
gradient Aw of loss, such as Aw ;; = YL,1J‘UILJ-ZL‘/' in Figure 1.
(2) Only two samplings are drawn for each ¢/, and the results
are used to obtain a p-GAF, denoted as Apw. The expectation
value of the p-GAF for long-term samplings exactly equals the
precise gradient (Apw) = Aw. However, in practice, only when
the result of 2 sequential samplings is the (10) pair does ¢ = 1;
only in this case, the probabilistic gradient Apw, ;; is nonzero
and thereby simplified as Apw, ;; = Y, 1,2, j; otherwise, Apw =
0. Then, parameters are updated according to the p-GAF Apw,
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Figure 2. Performance of Y-type SOT-MTJ

(A) Schematic of the measurement setup. The stack structure of a Y-type SOT-MTJ is shown with the W layer as the spin current source, the neighboring CoFeB
free layer, the MgO tunneling barrier, the CoFeB/W/Co/IrMn synthetic antiferromagnet structure, and the Ru capping layer. The blue block shows the 4-terminal
source meter unit (SMU) to read out the resistance of the MgO MTJ, and the orange block shows the SMU to apply the spin-orbit torque current (Isot) to realize
SOT switching of the bottom CoFeB free layer. Here, the source and sense represent the current source and voltmeter, respectively. LO and HI are short for low
and high, respectively.

(B) Probabilistic switching diagram of high-barrier SOT-MTJ. Via Isot close to the critical switching current, one can set the state of SOT-MTJ near the top of the
energy barrier, which isolates the parallel (P) and antiparallel (AP) states, and after switching off the Isot, the SOT-MTJ thus has a probability of P to relax into the
AP state or (1 — P) to the other P state.

(C) R-H hysteresis of SOT-MTJ.

(D) Magnetization switching induced by current pulses under a bias field of 10 Oe to compensate for the dipolar field from the synthetic antiferromagnet structure.
The inset shows an elliptical cross-section image of a typical SOT-MTJ with an aspect ratio of about 2 to induce a shape anisotropy along the long axis. The
current is applied along the short axis and thus generates a spin current polarized along the long axis, which favors the Y-type SOT switching scheme.

(E) Sampling outcomes, Ry or R, at 466, 482, and 500 pA, corresponding to P = 20.5%, 47%, and 80%. N denotes the number of sampling attempts.

which consumes much less computing overhead than the pre- To further evaluate the effectiveness of the p-GAF-BP algo-
cise gradient Aw, owing to a large number of probable zero rithm, we apply it in simulation to train an ANN for the image recog-
Apw components. Since the second approach efficiently saves  nition of the MNIST dataset (details are provided in Note S7) and
both samplings and multiplications, it is adopted in both exper-  compare its performance in accuracy, convergence speed, and
iments and simulations to train the XOR ANN (details are pro- number of multiplications and additions with the classical one.
vided in Notes S2 and S3). As shown in Figures 5A and 5B, the ANN architecture consists

The network structure is illustrated in Figure 4A. The conver-  of an input layer (784 nodes and one bias, corresponding to the
gence progress of the p-GAF-BP algorithm, both in experiment  pixels of input images), one or more hidden layers (64 nodes
and simulation, is compared with the classical one in and one bias each), and an output layer with 10 nodes that uses
Figure 4B. In all cases, the loss function decreases as training a SoftMax activation function and cross-entropy loss to represent
proceeds. To analyze parameter updates in detail, the evolution  the recognition results (details are provided in Note S8). In contrast
of the weight wpc is compared in Figure 4C (additional results are  to the conventional BP (Figure 5A), a key feature of our p-GAF-BP
provided in Note S4). Unlike the conventional BP algorithm, in  algorithm is that it propagates errors exclusively through nodes
which Awpc is nonzero at every step but remains very small for ~ with a sampling result of (1,0), as illustrated in Figure 5B. To eval-
most of the process, the p-GAF-BP algorithm updates the uate the performance of our p-GAF-BP algorithm on networks of
weight selectively only at occasional steps. This selective up-  varying sizes, architectures with one, two, and three hidden layers
date, governed by the probabilistic nature of sampling, signifi-  were configured. As illustrated in Figures 5C-5E, the recognition
cantly reduces the computational complexity by decreasing accuracy was improved progressively with increasing training
the number of required multiplications and additions/subtrac- epochs, and the corresponding dependence of the number of no-
tions. Moreover, it achieves effective training for the XOR gate, des with p-GAF = 0 is provided in Note S9. In all three network
as shown in Figure 4D. configurations, both the conventional BP and our p-GAF-BP

4 Newton 2, 100520, August 3, 2026
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Figure 3. Automatic derivation of neurons by MTJ-TRNG

(A) Detailed procedure for obtaining the sampling counts of “10” pairs. For example, when we attempt to iteratively switch an SOT-MTJ at / = 488 pA for N = 200
trials, the resistance and digital output of the SOT-MTJ are shown in the top and middle images with a high-resistance probability of 54%. Then, we look into the
details of two neighboring digital outputs. If the neighboring two outcomes are (11), (00), and (01), the indicator of the 10 pair is “no” or 0; only if the neighboring
two outcomes are (10) is the indicator of the 10 pair “yes” or 1, as shown in the middle/bottom image. Then, N = 200 trials of single samplings are reduced to N =
100 trials of pair samplings, and we finally account for the probability of 1 in (B) and the (10) pair in (C) as non-biased estimations of the sigmoid function and its

derivative, respectively.

(B and D) The relationship between the probability (or average value) of sampling Ry and writing current / follows the sigmoid function in the binary representation

(B) and the hyperbolic tangent function in the bipolar representation (D).

(C and E) The probability (or average value) of sequentially sampling R,y and R, as a function of writing current matches well with the derivative of the sigmoid

function (C) and that of the hyperbolic tangent function (E).

algorithm achieved recognition accuracies exceeding 97%. To
evaluate the energy efficiency of our p-GAF-BP in BP gradient
computation, the number of arithmetic operations (Figure 5G)
and the corresponding energy consumption (Figure 5H) required
to reach 90% recognition accuracy were calculated. For instance,
in the network with three hidden layers, the number of x and + op-
erations involved in gradient computation during BP decreased
from 2.94 x 10" and 3.80 x 10° to 6.08 x 10° and 9.74 x 108,
respectively, only at the cost of 1.73 x 108 sampling operations.
After considering typical energy consumption per operation for
x, =, and samplings (Figure 5F), the p-GAF-BP algorithm reduces
the energy consumption associated with gradient computation by
~79% compared to conventional BP. Because the energy esti-
mation is based on nontrivial circuitry design and MTJ optimiza-
tion/downscaling and because the resolution choice of weights
can be updated with the advancement of spintronics and
CMOS, we therefore also used the operation numbers of multipli-
cation, subtraction/addition, and sampling as another direct and
straightforward set of benchmarking parameters free from the
above issues.

To evaluate the effectiveness of our proposed p-GAF-BP algo-
rithm, we modified the network structures shown in Figure 5 for

the MNIST dataset in three aspects: the types of activation func-
tion, the number of hidden layers, and the number of sampling
operations used for derivative calculation. The simulation results
corresponding to these architectural variations are summarized
in Table S4 of Note S10. In all cases, an accuracy above 97%
was achieved, demonstrating the effectiveness of the p-GAF-
BP algorithm. Specifically, the effect of the number of sampling
operations used to estimate each p-GAF is further illustrated in
Figure S11 of Note S10, where the number of sampling opera-
tions per p-GAF is set to 2, 20, and 200, respectively. As the
number of sampling operations per p-GAF increases, both the
total number of operations and the energy consumption
approach the value of classic BP. The influence of layer sizes
is evaluated separately in Figure S12, where a network with three
hidden layers is considered and the number of nodes per hidden
layer is varied from 16 to 256. The recognition accuracy in-
creases from 93% to approximately 97% and saturates when
the number of nodes exceeds 128.

To further validate the efficacy of our p-GAF-BP algorithm for
deeper networks and more complex datasets, its performance
was assessed in a deeper network architecture, specifically
ResNet-18 in the CIFAR-10 dataset. As shown in Figure 6A,

Newton 2, 100520, August 3, 2026 5
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Figure 4. XOR gate trained using the p-GAF-BP algorithm in both experiment (sampling via MTJ) and simulation, compared with the con-

ventional BP algorithm

(A) Network structure for the XOR gate. The green nodes A and B are used as binary logic inputs. They can be 1 or 0. The light blue nodes D and E are used as
hidden nodes. The dark blue node C acts as the XOR output. The constant @ nodes are used for bias. The weights between nodes are also shown here.

(B) Energy evolution during training shows that the p-GAF-BP algorithm follows a training process similar to the conventional BP algorithm.

(C) Updated steps for the weight wpc during training for the conventional BP, the simulated p-GAF-BP, and the experimental p-GAF-BP. While wpc is nonzero,
even though tiny, for the majority of the former case, it can be occasionally zero or spikily nonzero for the latter two.

(D) Training results of the XOR gate after 3,000 cycles demonstrate the effectiveness of the p-GAF-BP algorithm.

this architecture consists of an initial convolutional layer, four
layers (each containing two basic blocks), and a fully connected
layer. A notable modification from the conventional BP is the use
of stochastic sampling to approximate the derivative of the leaky
RelLU activation function, as implemented in the red-highlighted
sections of Figures 6A and 6B. This implementation resulted in a
final accuracy of 91.3% =+ 0.3%, compared with 95.4% + 0.2%
achieved by the standard BP approach, as shown in
Figure 6C. The test loss curves (Figure 6D) of the p-GAF-BP al-
gorithm exhibit noticeable oscillations during training, which
naturally arise from the probabilistic characteristics of the p-
GAF-BP algorithm. These oscillations indicate that the p-GAF
occasionally updates network parameters in suboptimal direc-
tions, thereby reducing the training accuracy at the cost of
simpler computation. The significant broadening of the loss
function across different trials, compared with the standard BP
algorithm, also indicates that the convergence path of the loss
function differs from trial to trial. This is expected as a character-
istic feature of the p-GAF-BP algorithm. Luckily, the oscillation
amplitude gradually decreases and the training process be-
comes more stable as the number of epochs increases,
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indicating that the p-GAF-BP algorithm can still finally achieve
a stable training. Overall, these results collectively indicate that
the proposed p-GAF-BP algorithm is applicable to deep network
architectures and complex datasets as well, although its proba-
bilistic nature may lead to some compromise in accuracy
compared with the standard BP algorithm.

DISCUSSION

To reduce the computational cost of BP, several studies have
explored alternative algorithms. For instance, direct feedback
alignment (DFA)*? uses fixed random feedback weights to prop-
agate the error signal directly from the output layer to each hid-
den layer. This approach reduces computational and memory
requirements by avoiding the backward propagation of errors
through the entire network. However, our approach differs in
that we use stochastic sampling of MTJs to accelerate the BP al-
gorithm itself, reducing computational operations via p-GAF.
The underlying mechanism of this p-GAF-BP approach is as
follows. The proposed technique enables stochastic identifica-
tion of neurons operating in high- versus low-sensitivity regions
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Figure 5. Image recognition using the MTJ-based p-GAF-BP algorithm in simulation, compared with the conventional BP algorithm

(A) ANN structure for image recognition. The input layer consists of 784 nodes (corresponding to a 28 x 28 pixel image in the MNIST dataset) and one bias node.
Each hidden layer consists of 64 nodes and one bias node. The output layer consists of 10 nodes, corresponding to the recognition result for digits 0-9.

(B) In the p-GAF-BP algorithm, errors are propagated only through nodes whose sampling result is (1,0). The dashed red nodes represent nodes whose sampling
results are not equal to (1,0) and function similarly to bias nodes.

(C-E) Recognition accuracy, averaged over ten trials, is shown as a function of training epochs for networks with one (C), two (D), and three (E) hidden layers,
respectively. The insets highlight the phases where the accuracy exceeds 90%. For networks containing one to three hidden layers, both the conventional BP and
p-GAF-BP algorithms achieve recognition accuracies exceeding 97%.

(F) Energy consumption per multiplication, addition/subtraction,®' or MTJ sampling (the energy consumption of MTJ sampling is obtained from pre-layout
simulations using LTspice, considering peripheral circuitry; details are provided in Note S5).

(G and H) Number of operations (G) and corresponding energy consumption (H) required for gradient computation in backpropagation to achieve 90%
recognition accuracy. The energy consumption is obtained by combining the typical energy per operation in (F) with the number of operations in (G). The blue bars
correspond to the energy consumption for gradient computation using conventional BP to achieve 90% recognition accuracy, whereas the red bars correspond
to the p-GAF-BP algorithm. Across all three network structures, the p-GAF-BP algorithm reduces the energy consumption associated with gradient computation
by approximately 79% compared to conventional BP. Details of the calculations in (G) and (H) are provided in Note S6.

of their activation characteristics by utilizing the statistical out-
comes of repeated MTJ sampling operations. For activation

updating neurons operating in the high-sensitivity region is
significantly more effective for reducing the error function, as

functions with saturation behavior, such as the sigmoid function,
neurons operating in the linear region (high sensitivity) are likely
to yield complementary outcomes (e.g., (10) or (01)) under two
stochastic sampling operations, whereas neurons in the satura-
tion region (low sensitivity) predominantly produce identical
outcomes (e.g., (00) or (11)). This sampling behavior provides
an efficient indicator of the local sensitivity of the neuron output
with respect to its input. From an optimization perspective,

these neurons exhibit non-negligible gradients. In contrast,
neurons in the low-sensitivity region contribute little to
gradient-based learning. The proposed method therefore serves
to stochastically identify neurons operating in the high-sensitivity
region, enabling efficient gradient approximation while avoiding
unnecessary computations associated with neurons operating
in the low-sensitivity region. The introduced stochasticity also
helps escape local minima, complementing the natural variability
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Figure 6. Evaluation of the p-GAF-BP algorithm implemented in a ResNet-18 architecture on the CIFAR-10 dataset

(A) Schematic of the ResNet-18 model integrated with the p-GAF-BP algorithm.

(B) Detailed structure of the basic residual block used in ResNet-18 under the p-GAF-BP algorithm.
(C and D) Comparison of test accuracy and test loss over training epochs between the p-GAF-BP algorithm and conventional BP.
Data in (C) and (D) were obtained from 10 independent runs with different random seeds. The shadowed area denotes the mean + one standard deviation. Details

of the parameters are provided in Note S8.

of high-dimensional data. These mechanisms form the core
innovation of this work. This zero-gradient phenomenon may
resemble that induced by the dropout algorithm,** but the two
methods differ in both mechanisms and effectiveness (also see
Note S11 for details).

For modern GPUs based on single instruction, multiple data
(SIMD), the branching sensitivity inherent to SIMD presents chal-
lenges for integrating our p-GAF-BP scheme. Nonetheless, the
potential savings of our p-GAF-BP scheme are not inherently un-
attainable. Through co-design of software optimizations (e.g.,
probability-based grouping) and hardware adaptations (e.g.,
specialized scheduling), GPU compatibility could be enhanced.
However, the scheme’s most immediate and full realization of
savings lies in non-GPU applications, where its hardware-native
probabilistic computing paradigm aligns naturally with efficiency
demands—an advantage already supported by both our exper-
imental and simulation results.

In summary, we present an approach that transforms the de-
rivatives of nonlinear activation functions into two stochastic
sampling events based on their probabilities. This method helps
us to dynamically and temporally identify those weights associ-
ated with neurons operating in high-sensitivity regions and
significantly reduces the number of multiplication and addition
operations by automatically screening the large number of other
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weights associated with neurons operating in the saturated re-
gion during BP, thereby enhancing its computing efficiency
through hardware-based spintronic TRNGs. The technique is
applicable to typical noncollinear activation neurons, such as
the sigmoid. It has been experimentally verified for an ANN per-
forming XOR logic and simulated as feasible for another ANN for
image recognition of the MNIST dataset, reducing multiplica-
tions and additions by ~80%. Furthermore, when applied to a
deeper ResNet-18 architecture on the CIFAR-10 dataset, the
p-GAF-BP algorithm still achieves stable training, with a trade-
off in accuracy arising from its probabilistic nature relative to
the standard BP algorithm. This p-GAF-BP algorithm can also
simplify hardware implementation for the BP algorithm. Given
the fundamental role of the BP algorithm, this probabilistic
variant opens practical pathways for developing corresponding
hardware to further boost Al training.

METHODS

The MTJ stack with W(3)/CoFeB(1.4)/MgO(1.5)/CoFeB(3)/
W(0.4)/Co(2.7)/IrMn(10)/Ru(4 nm) was deposited by magnetron
sputtering and then patterned into SOT-MTJ devices following
the process detailed by Zhao et al.?* The measurement
(Figure 2A) was performed using a Keithley 2602B System
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Source Meter Instrument with an external magnetic field applied
by Helmholtz coils (East Changing Technologies). It enables fast
current-induced switching and resistance detection of
SOT-MTJs.
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