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Abstract—This work presents a novel low-power, mixed-

signal computing in memory (CIM) architecture for Bayesian 

inspired inference, targeting edge AI applications requiring 

energy-efficient uncertainty estimation. Our system integrates a 

deterministic Binary Neural Network (BNN) with a Bayesian 

head module implemented using multi-pillar (MP) Spin-Orbit 

Torque Magnetic RAM (SOT-MRAM) based arrays. The 

Bayesian head perturbs the output popcount of the BNN by 

injecting configurable stochastic counts, enabling uncertainty 

quantification in classification tasks. These perturbations are 

configurable in ‘flavor’ through a tunable dropout rate and the 

number of MP cells. A VCO-based ADC converts analog 

resistive summations into digital counts, which are then 

combined with the deterministic BNN output. On MNIST and 

CIFAR-10, the proposed system achieves classification accuracy 

comparable to state-of-the-art Bayesian approaches while 

consuming only 19 µW. It achieves a favorable energy efficiency 

of 53 TOPs/W (18.9 fJ/OPS) for 3-bits and 110 TOPs/W for 2-

bits perturbation precision. Uncertainty estimation is validated 

through controlled domain shifts (e.g., tilted images), showing 

robust entropy and variance evolution. Notably, the proposed 

uncertainty estimation requires only 25 perturbation runs, 

resulting in a total energy cost of just 454 fJ. At this overhead, 

the Bayesian-inspired model improves reliability by 34.29% 

compared to the baseline on CIFAR-10. This low-power hybrid 

analog-digital architecture offers a promising solution for edge 

applications with embedded confidence metrics. 

Keywords—Bayesian approximation, Multi-pillar SOT 

MRAMs, Bayesian Binary Neural Networks, Uncertainty 

estimation, computing in memory. 

I. INTRODUCTION 

Edge intelligence demands neural network architectures 
that are not only energy-efficient but also capable of 
quantifying predictive uncertainty. Bayesian Neural Networks 
(BayesNNs) offer an interesting approach to estimate 
uncertainty by capturing prediction confidence through 
probabilistic inference[1]. However, conventional Bayesian 
methods are typically resource-intensive and not suitable for 
energy-constrained environments[2]. 

In this work, we propose a mixed-signal Bayesian head 
(BH) computing-in-memory (CIM) architecture implemented 
in SOT-MRAM arrays. The BH approximates Bayesian 

inference in a deterministic Binary Neural Network (BNN) by 
introducing tunable stochastic perturbations to the partial 
sums (reducing implementation overhead). Unlike prior 
bayesian approximations such as Monte Carlo Dropout[3], 
which injects stochasticity via randomly masking activations, 
or Bayes by Backprop[4], [5], which learns distributions over 
the weights[6], our approach introduces empirically calibrated 
perturbations only at inference time, avoiding retraining. 
Importantly, in our evaluation, these perturbations are injected 
post-training during inference, following a Bayesian inspired 
predictive averaging strategy rather than embedding 
stochasticity directly in training. This enables uncertainty 
estimation without retraining and reduces implementation 
overhead[7], [8]. The system combines multilevel, multi-
pillar (MP) SOT-MRAM memory [9], with time-to-digital 
converter (TDC), voltage-controlled oscillator (VCO) based 
ADCs to realize in-situ uncertainty-aware inference. We 
evaluate the architecture through circuit-level simulations and 
algorithmic modeling using the BinaryNET model in a VGG 
based architecture on CIFAR-10 dataset and LarqNET on 
MNIST [10], [11]. Uncertainty estimation is assessed under 
domain shift conditions (rotated images), and energy 
efficiency (TOPS/W) is compared against existing bayesian 
hardware implementations. 

II. BAYESIAN METHOD APROXIMATION FRAMING 

In Bayesian deep learning, the predictive distribution for a 
class y given an input x and dataset D is:  

 p(y|x,D)= ∫ p(y|x,w)p(w|D)dw (1) 

Where p(w|D) represents the posterior over network weights 
given training data D, and p(y|x, w) is the likelihood of the 
prediction given weights w. Once computing this integral is 
intractable for deep neural networks, approximate inference 
methods such as Monte Carlo Dropout, variational inference, 
are typically used to replace the true posterior with a tractable 
surrogate [3], [4], [5]. Prior works have explored learned 
posterior approximations and multiplicative noise injection 
(ScaleDropout). [12], [13] to model predictive uncertainty. In 
contrast, we introduce an additive perturbation mechanism 
applied to deterministic BNN outputs, specifically designed 
for seamless integration with binary CIM architectures, where 



inference is performed via popcount accumulation. This 
enables perturbations to be directly injected into the output 
counts of the array while preserving the core computation 
pipeline.  

 Our method uses a hardware-friendly Bayesian head (BH) 
module that injects stochastic perturbations P into a 
deterministic output Y of a Binary Neural Network (BNN). 
The BNN serves as a point-estimate baseline with trained 
weights wBNN, approximating a maximum a posteriori (MAP) 
solution. To emulate posterior variability, perturbations are 
applied to the intermediate BNN outputs during inference: 

 Yk̂=Yk+mkPk (2) 

Where Yk, is the deterministic output of column k, mk 
Bernoulli (p) is a dropout like mask, pk is a perturbation 
sample from an empirically calibrated distribution P(θ), and 

Yk̂ the perturbed version of the deterministic output. P(θ) is 
configured to approximate the uncertainty behavior observed 
in bayesian inference when the input distribution shifts (out of 
domain data). In our crossbar-based implementation, these Yk 
correspond to column-wise partial sums, as detailed in 
section III and illustrated in Fig. 1. P(θ) calibration is 
discussed in section IV and the uncertainty behavior in section 
V. The overall predictive distribution is approximated via 
Monte Carlo sampling:  

 p(y|x,D)≈
1

T
∑ f(x;wBNN,T

t=1 mt,Pt) (3) 

Each sample uses a different mask m and perturbation P 
yielding a tractable surrogate for the Bayesian predictive 
distribution without retraining. This leads to a variational 
approximation to the Bayesian predictive distribution: 

 p̃(y|x)= ∫ p(y|x,wBNN+P)q(P)dP  (4) 

Where p̃  is the approximate predictive distribution and 
q(P) the surrogate distribution approximating the effect of 
sampling from the true posterior distribution over weights or 
predictions. In our evaluation, the surrogate is not optimized 
during training but calibrated empirically at inference time, in 
order to implement a Bayesian inspired post hoc uncertainty 
estimation [7], [8] rather than fully Bayesian training. 

III. SYSTEM ARCHITECTURE OVERVIEW 

The architecture consists of two components: a 
deterministic BNN inference core and a stochastic BH, both 
implemented using SOT-MRAM-based crossbar arrays (Fig. 
1). The deterministic BNN performs binary XNOR operation 
and popcount operations to compute the partial sum, while the 
BH module introduces controlled perturbation post-
accumulation to emulate bayesian sampling. 

The BNN crossbar array handles up to 64 binary inputs, 
yielding a maximum deterministic partial sum (yi) of 64. To 
reflect uncertainty, the BH injects bounded perturbations 
(Pi(E)) (up to 7 counts, 3-bit resolution, ~10% of the 
deterministic sum). These are applied stochastically across 
multiple runs to generate a prediction distribution from which 
confidence is estimated (variance). The BH itself consists of 
up to 16 serially connected multi-pillar (MP) SOT-MRAM 
devices per array column, enabling a wide equivalent 
resistance range. The BH itself consists of up to 16 serially 
connected multi-pillar (MP) SOT-MRAM devices per array  

 

Fig. 1: Simplified schematics of the deterministic BNN and BH MRAM 
arrays. The BNN uses XNOR-based MAC operations with current-to-count 
conversion via a CCO ADC. The BH injects signed perturbation counts from 
randomly configured multi-pillar (MP) SOT‑MRAM chains, digitized by a 
VCO ADC. The Bayesian BNN output combines deterministic counts Y with 
random counts P(E) over multiple runs. 

column, enabling a wide equivalent resistance range. This 
structure provides fine grained control over the total 
equivalent resistance of the MP array column, ensuring 
sufficient resolution for the quantization by the VCO based 
ADC stage. Each MP is conditionally bypassed by a parallel- 

connected transistor, whose gate is driven by a control bit (BP) 
generated by an 8-bit Linear Feedback Shift Register (LFSR). 
This LFSR produces dropout-like stochastic masks based on 
programmable dropout rates ranging from 20% to 90%. REQ 
is read at a constant current, and the resulting reading voltage 
is used for further digitalization. The role of SOT-MRAM in 
the proposed architecture is not to rely on intrinsic device 
noise, but to provide a reconfigurable ensemble of resistive 
summation whose composition can be probabilistically 
modulated by the control bit BP. The uncertainty thus emerges 
from controlled hardware variability rather than uncontrolled 
physical noise. This provides the resulting pertubation 
distribution P(E) that is randomly added or subtracted to the 
deterministic partial sum yi: 

 P(E)i ~ I(∑ BP̅̅ ̅̅
i Rij)  (5) 

P(E) is the perturbation distribution output of the BH, I is the 
current passing through the MP array, BP the by-pass switch 
control signal, and Rij the resistance of the i-j MP. 

IV. CIRCUIT IMPLEMENTATION AND SIMULATIONS 

Simulations were carried out using Cadence Spectre and 
GlobalFoundries 22 nm FDX PDK. The BH control logic, 
including the LFSR-based dropout generator, was synthesized 
using Synopsys Design Compiler and standard cell libraries 
from the same technology node. The SOT-MRAM array was 
modeled using a verilogA behavioral model[14]. 

A. MP SOT-MRAM 

Spin-Orbit Torque Magnetic RAM (SOT-MRAM) is a 
non-volatile memory in which data is stored in the resistance 
state of a Magnetic Tunnel Junction (MTJ). The MTJ 
comprises two ferromagnetic layers, a fixed (pinned) layer 
(PL) and a free layer (FL), separated by a thin oxide barrier 
(see Fig. 2a). Its resistance state is based on the relative  



 

Fig. 2: a) The single and 4 MTJ stacked MP states configuration. b) 
Deterministic BNN and c) Bayesian head crossbar SOT-MRAM based unit 
cell. 

magnetization of the ferromagnetic layers: parallel (P) for low 
resistance, and anti-parallel (AP) for high resistance. The 
switching of the FL is achieved by passing a critical switching 
current ISW through an adjacent bottom electrode, referred to 
as the SOT track or heavy metal layer. It generates a transverse 
spin current via the spin hall effect that exerts a spin-orbit 
torque (SOT) on the FL changing its magnetization direction.  

To emulate multilevel states, multiple MTJs are stacked in 
parallel sharing bottom and top electrodes in the MP SOT-
MRAM configuration, as illustrated in Fig. 2a. It yields N+1 
resistance states, where N represents the number of MTJs. Our 
solution comprises four MTJs per MP representing the 
equivalent resistance states 4P, 1AP/3P, 2AP/2P, 3AP/1P and 
4AP. The MP MRAM is programmed by activating WWL and 
applying ISW through WBL and SL. Each MTJ is sequentially 
programmed thanks to voltage-controlled magnetic 
anisotropy (VCMA) effect [9], [15]. The voltage drop across 
the shared bottom electrode (SOT track) forms a gradient, this 
voltage gradient affects the energy potential of each MTJ 
separating the P and AP states and then the ISW. Thus, enabling 
selective switching by controlling ISW. 

B. Deterministic BNN core 

The BNN uses binary weights stored in single pillar SOT-

MRAM cells arranged in a crossbar array. XNOR operations 

are performed via complementary selection of the bitline 

(BL) and its inverse (BL̂). A ‘1’ output yields a read current 

through an MRAM W (weight) set at parallel (P) state, while 

a ‘0’ yields a reading current at antiparallel (AP) state, as 

shown in Fig. 2b. These currents are summed column-wise 

and converted into a popcount score serving as a partial sum 

for the next layer. 

C. Bayesian Head 

The Bayesian Head operates on a separate MRAM array 
(Fig. 2c), consisting of serially connected MP SOT-MRAMs 
configured to either conduct or short (dropout) randomly, 
depending on the activation of the bypass transistor connected 
in parallel to each MP. Each MP comprises four parallel MTJs 
(RP=300 kΩ, RAP=600 kΩ (AP)), yielding five possible 
states and a minimum resistance of roughly RP/4, 75 kΩ. The 

short or dropout configuration is controlled by the random bit 
signal BP generated by an LFSR that is connected to the gate 
of the bypass transistor. The dropout generator is implemented 
as an 8-bit LFSR with taps at bits 7, 5, 4, and 3 forming a 
pseudo-random feedback connection. On each clock cycle, the 
LFSR shifts and produces a new value, which is compared 
against an 8-bit threshold selected via a 3-bit control input. 
Each threshold represents a dropout range from 20% to 90%. 
This comparison determines whether BP is activated. To 
ensure statistical independence between BPs while preserving 
a uniform dropout rate, each one of them is driven by its own 
dedicated LFSR instance. The probability or the dropout rate 
impacts the instant equivalent resistance REQ between BL 
and BSL. This resistance modulates the voltage drop across 
the array (VRBL), which is then digitized using a compact 
voltage-controlled oscillator (VCO) and a ripple counter (Fig. 
3). 

D. VCO-based ADC Design 

A VCO-based analog-to-digital converter (ADC) is used 
to digitize the analog voltage VRBL, generated by the SOT-
MRAM array (Fig. 3). The VCO is implemented as a current-
starved ring oscillator composed of cascaded inverter stages. 
One of these inverters includes a delay element formed by a 
6.8 fF load NMOS capacitor (C) and a leak transistor in the 
pull-down path. The gate voltage VRBL controls the leak 
transistor and thus modulates the oscillator's delay. Increasing 
VRBL or the number of equivalent MPs accelerates the 
discharge of the load capacitance VC, thereby increasing the 
VCO oscillation frequency. Figure 4 presents the transient 
simulation depicting the VCO operation cycle and response to 
two different control voltages VRBL, corresponding to 4 and 8 
MPs. The relationship between the total equivalent resistance 
REQ and output frequency is shown in Fig. 5a. The figure also 
shows the corresponding frequency response for 1 to 16 MPs 
set to 1P/3AP (yellow) and 2P/2AP (red) configuration. A 
ripple counter connected to the VCO output converts 
frequency into a digital count via time-to-digital conversion. 

 
Fig. 3: Overview of the Bayesian Head CIM macro and circuit schematic of 

the VCO based ADC comprising a current starved VCO and a ripple counter. 



 

Fig. 4: transient analysis of the VCO. a) VRWL activation, b) voltage drop 
across BL -BSL, VRBL. c) The corresponding VCO output and the VC charge 
and discharge dynamics according to REQ and the number of MPs. 

 In our design, a 3-bit counter records up to 7 pulses per 
sampling window. This count resolution enables perturbation 
levels that span at least 10% of the deterministic BNN’s partial 
sum, which can reach a maximum of 64 counts per column in 
a 64×64 crossbar. Although only 3 bits (8 levels, up to 7 
counts) are used to digitize the perturbation, the BH array 
consists of 16 MPs (rows), resulting in a more continuous and 
well resolved analog frequency spectrum before quantization 
improving the quality of the sampled perturbation distribution. 
The integration time t, or sampling window, is defined by the 
ratio of the counter’s maximum resolution to the VCO's peak 
frequency: 

 t=
(2

n
-1)

fMAX 
 (6) 

 Counts=⌊fi.t⌋ (7) 

t is the integration time per sampling, n=3 for the 3-bit counter, 

fMAX is the maximum output frequency of the VCO and fi is 

the instantaneous frequency corresponding to the sampled 

resistance state. The maximum frequency is roughly 439 Mhz 

yielding a sampling time of 15.9 ns. The count score spanning 

the whole range of the BH array (from 0 to 16 MPs) is shown 

in Fig 5b. 

E. Noise Flavor Control 

A key strength of the BH is the ability to tune its output 
perturbation distribution, referred to as the ‘noise flavor’. It 
can be tuned by adjusting the dropout rate of the BP transistors 
and the number of MPs configured within the BH array. This 
tunability provides control over not only the entropy and bias 
of the injected perturbation but also its mean (μ), standard 
deviation (σ), and overall distribution shape. Fig. 6a shows a 
lookup table (LUT) mapping different dropout configurations 
to output count distributions, where the inset values represent 
the mean (μ) and the colorbar indicates the the standard 
deviation (σ). By increasing the number of MPs, both μ and σ  

rise due to the additive contribution of multiple MP cells. 
Conversely, increasing the dropout rate reduces μ and σ by 
deactivating active perturbation paths. This two-dimensional  

 

Fig. 5: a) VCO transfer function showing output frequency as a function of 
total equivalent resistance (REQ) for up to 16 MPs across BL–SL (i. e, set to 
2AP/2P (in red) and 1P/3AP (in orange)). The frequency ranges from 24.7 
MHz to 440 MHz. (b) Corresponding 3-bit counter output (count score) versus 
REQ. 

parameter space enables flexible control over the injected 
uncertainty magnitude and shape which is bound to a fraction 
of the BNN partial sum. In practice, although the LUT is 
technology-dependent, it is generated through circuit-level 
characterization, and these parameters are calibrated offline 
once per technology corner and remain fixed during inference 
(similarly to ADC calibration in mixed-signal CIM systems). 

Fig. 6b illustrates how these configurations impact the 
shape of the perturbation distribution for 16 MPs under 
dropout rates ranging from 20 % to 90 %, 20 % (i), 50 % (ii), 
and 90 % (iii). At the extremes conditions, towards 20% and 
90% dropout rates and maximum number of MPs (i), the 
distribution resembles a half-normal centered at (i) zero or (iii) 
clipped at maximum number of counts. At moderate 
configurations (ii), the distribution resembles a more 
symmetric, normal‑like gaussian shape (highlighted in yellow 
in Figure 6a). These profiles enable emulation of varying 
uncertainty behaviors seen in bayesian inference, aligning 
with flexible confidence calibration. In our simulation 
framework, the bayesian inspired method for the BNN 
employs a half‑normal‑like distribution centered at zero with 
random signed addition and subtraction of perturbation, as 
illustrated in Fig. 6b‑iii. This shape is selected aligning with 
the chosen operation of random addition and subtraction of the 
pertubation in our hardware-aware simulation. Other 
configurations, such as normal-like or max-centered half-
normal distributions, and alternative operations (e.g., additive 
biasing, subtractive shifts, or multiplicative scaling), remain 
unexplored and may extend the applicability of the BH to 
approximate more complex posterior[3], [4], [5], [13]. 

V. SIMULATION OF UNCERTAINTY ESTIMATION AND 

ROBUSTNESS 

To assess the effect of our Bayesian Head (BH) 
perturbation on predictive reliability, we conduct inference-
time simulations using the BinaryNET model implemented in 



a VGG-based architecture for the CIFAR-10 dataset and 
LarqNET for MNIST. BinaryNET is a binarized 
convolutional neural network with all weights and activations 
constrained to ±1, except for the first and last layers, which 
remain in full precision to improve overall accuracy [10], [11]. 

Following the variational surrogate framing introduced in 
Section II, the deterministic BNN acts as a point-estimate 
predictor (baseline), while the BH module emulates posterior 
sampling by injecting stochastic perturbations into the 
intermediate layer partial sums. The 64×64 crossbar array is 
used to map partial sums across the hidden layers, excluding 
the first and last layers. The mapping follows the scheme in 
[16] where each column of the array represents a K×K ×D 
kernel. K is the kernel size and D the input feature depth. Each 
partial sum output is perturbed as shown in equation (2). Here, 
Yk is the deterministic popcount output for kernel k, Pk is a 
perturbation sampled from a calibrated distribution controlled 
by BH parameters (dropout rate and MP count), and mk is a 
binary mask that decides whether the perturbation is applied. 
Importantly. Note that mk is distinct from the mask BP used 
to configure the BH array itself: it operates after sampling Pk 
to decide whether the perturbation is injected (considered in 
the simulation). 

This stochastic process effectively samples from a 
variational surrogate distribution, approximating Bayesian 
predictive inference without retraining the BNN. 
Perturbations are applied only at inference time and are 
selected empirically from a pre-characterized set of 
distributions in the BH LUT. To account for hardware effects, 
the deterministic partial sums already incorporate process 
variability (e.g., memory array access transistors and ADCs). 
This inherent noise makes more difficult the separation 
between in-domain and out-of-domain data, but at the same 
time strengthens the robustness of our Bayesian 
approximation. 

In practice, multiple candidate perturbation distributions 
from the LUT are tested, and the one yielding the most 
consistent joint behavior of predictive accuracy and variance 
under shifted data (rotated images) is retained for use. Our 
approach requires only 25 perturbation injections per 
inference to estimate uncertainty, far less than typical 
Bayesian or ensemble-based methods, making it both low-
power and efficient (see Section VI). This “Bayes-inspired” 
strategy contrasts with fully Bayesian or variational methods, 
where uncertainty is embedded during training. Instead, we 
inject the calibrated perturbation distribution post-training 
(post hoc dropout-injection method), like a stochastic readout 
head, providing predictive averaging without modifying the 
deterministic training pipeline [7], [8]. To validate the 
uncertainty estimation behavior, we apply controlled domain 
shift by rotating CIFAR-10 and MNIST test images at 
increasing angles. The image rotation is used to introduce 
input mismatch while preserving class labels, enabling 
controlled evaluation of uncertainty. 

Figure 7 summarizes the impact of domain shift on 
accuracy, uncertainty, and filtering. In this analysis, we apply 
an uncertainty filter that discards predictions whose variance 
exceeds a threshold derived from the empirical training 
distribution (third quartile). The goal is to retain only 
confident predictions, thereby improving reliability at the cost 
of coverage. As shown in Fig. 7a–b, predictive accuracy 
decreases progressively as the rotation angle increases, 
reflecting the growing mismatch between shifted inputs and  

 

Fig. 6: a) The Bayesian Head (BH) lookup table (LUT), or count perturbation 
space, controlled by the dropout rate and the number of MPs at 2AP/2P 
configuration. b) Count distributions for 16 MPs at dropout rates ranging from 
20% to 90 %. 20 % (i), 50% (ii), and 90% (iii). c) LUT for 3AP/1P, 2AP/2P, 
1AP/3P and 4P configurations. 

the training data. Accuracy drops from 0.90 to 0.35 on 
CIFAR-10 and from 0.96 to 0.18 on MNIST. When 
considering only the retained predictions, however, the 
accepted accuracy improves substantially: on average, it is 
34.29% higher for CIFAR-10 and 9.61% higher for MNIST 
compared to the raw accuracy, with the maximum accuracy 
for CIFAR-10 increasing from 0.90 to 0.98. Fig. 7c–d shows 
that predictive variance rises consistently as rotation grows. 
This indicates reduced model confidence under domain shift,  



 

Fig. 7: Impact of input rotation on model performance and uncertainty for 
CIFAR-10 (left) and MNIST (right). (a–b) Predictive accuracy versus rotation 
angle, and accepted accuracy, computed only over predictions retained after 
uncertainty-based filtering. (c–d) Predictive variance that rises under domain 
shift (rotation angle). (e–f) Acceptance rate (fraction of inputs retained after 
filtering) and true negatives (fraction of rejected samples that would have been 
misclassified if accepted). 

and the strong anti-correlation between accuracy and variance 
highlights that our approach enables effective post hoc 
uncertainty quantification in a hardware-compatible and 
computationally efficient manner. Finally, Fig. 7e–f reports 
the acceptance rate (the fraction of inputs the filter retains) and 
the true negatives, which are rejected samples that would 
otherwise have been misclassified. These results demonstrate 
how uncertainty filtering discards error-prone predictions, 
trading off coverage for improved accuracy and robustness. 

VI. POWER ANALYSIS AND BENCHMARKING 

 We benchmarked the power and energy efficiency of our 
BH architecture against other Bayesian CIM solutions. The 
combined MRAM array, VCO, and ripple counter consume 
19 uW per column due to their event-driven operation. Fig. 8 
compares the throughput-per-watt (TOPS/W) of our system 
against prior probabilistic CIM accelerators. The operation 
throughput (OPS) is given as: 

 OPS= i x j x
1

t
    (8) 

Where i and j stands for the number of rows (16) and 
columns (64) and t the sampling time of 15.9 ns. Our design 
achieves an energy efficiency of 53 TOPS/W (18.9 fJ/OP) for 
3-bit perturbations and 110 TOPS/W for 2-bit perturbations 
(4-count maximum). While some recent Bayesian CIM 
accelerators report efficiencies exceeding 100 TOPS/W [17], 
most do not specify the number of inferences runs and  
typically rely on repeated stochastic sampling or hundreds of 
Monte Carlo passes [13], [17], [18], [19], [20]. By contrast, 
our approach requires just 25 inference-time runs, with a total 
overhead of only 454 fJ, making the energy cost lower than 
prior Bayesian CIM accelerators. This extremely low cost 
enables uncertainty-aware inference without compromising  

 

Fig. 8: Efficiency (TOPS/W) of Bayesian-based CIM solutions compared to 
the Bayesian Head (BH) [13], [17], [18], [19], [20]. Our efficiency is 
53 TOPS/W for a 3-bit perturbation BH and 110 TOPS/W for 2-bit 
perturbation. 

the baseline energy efficiency, making the proposed 
architecture especially well-suited for edge intelligence 
applications where both accuracy and confidence metrics are 
essential. Many prior Bayesian CIM works prioritize accuracy 
or model complexity at the expense of energy, area, or 
inference runs; our comparison focuses on uncertainty-aware 
efficiency and run count for edge deployment. 

VII. CONCLUSIONS 

 In this work, we presented a low-power, mixed-
signal CIM architecture combining a deterministic Binary 
Neural Network with a Bayesian Head based on multi-pillar 
SOT-MRAM arrays. By introducing tunable stochastic 
perturbations to the BNN’s partial sums, the Bayesian Head 
enables uncertainty-aware inference with minimal hardware 
overhead and 19 uW power consumption.  

The integration of a compact VCO-based ADC and a 
novel MP SOT-MRAM by-pass dropout strategy enables 
flexible Bayesian-inspired approximations. Unlike classical 
Bayesian methods that embed uncertainty during training, our 
approach applies calibrated perturbations post-training at 
inference, aligning with post hoc strategies such as dropout 
injection. Circuit-level simulations and algorithmic 
evaluations demonstrate competitive classification accuracy 
on CIFAR-10 and MNIST, while providing meaningful 
uncertainty estimation under domain-shift conditions. 
Crucially, our method requires only 25 inference-time runs, 
with an energy overhead of just 454 fJ, whereas most prior 
Bayesian CIM designs rely on repeated stochastic sampling or 
hundreds of Monte Carlo passes. 

 Importantly, the system achieves energy efficiency of 53 
TOPS/W (18.9 fJ/OP) and 110 TOPS/W for for 3 and 2-bit 
perturbations, making it well-suited for edge intelligence 
scenarios where both performance and reliability are critical. 
The present evaluation focuses on lightweight BNN models to 
emphasize uncertainty-aware inference efficiency; extending 
the BH to more complex datasets is left for future work. These 
results establish our BH as a promising solution for enabling 
low-power, uncertainty-aware AI at the edge. 
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