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ABSTRACT

Bayesian neural networks (BNNs) require hardware capable of storing and sampling probabilistic synaptic weights. While

population coding exploits device-to-device (D2D) variability to encode weight distributions, temporal sampling instead requires

controlled and reproducible stochastic fluctuations, making its hardware implementation particularly challenging. Here, we

demonstrate a memristor-based temporal-coding circuit that combines three analog memristor devices per synaptic weight to

encode its mean and standard deviation with an externally injected white-noise source for sample generation. A dedicated

fluctuation-amplification stage provides controllable temporal stochasticity, while a hierarchical training algorithm explicitly

models device-to-device variability and temporal noise to ensure robust Bayesian inference under hardware non-idealities. On

the MIT-BIH arrhythmia classification task, the proposed approach achieves a 2.7-fold reduction in memory footprint compared

with an equivalent population-coding implementation, while preserving Bayesian inference accuracy and uncertainty estimates.

Introduction1

Bayesian neural networks (BNNs) provide a principled framework for quantifying uncertainty in artificial intelligence by2

representing each synaptic weight as a probability distribution rather than a deterministic value1–3. Accurate inference therefore3

requires repeated sampling from these distributions, placing stringent demands on hardware architectures for the efficient4

storage and generation of stochastic weights4. Beyond conventional FPGA-based implementations5, compute-in-memory5

(CIM) architectures offer a promising alternative. In particular, the probabilistic nature of Bayesian inference can be mapped6

naturally onto analog CIM with non-volatile memories (NVMs), turning the intrinsic variability of physical devices from a7

source of uncertainty into a computational resource6, 7.8

A classical approach is population coding, in which a probability distribution is encoded by a population of nominally9

identical memory devices that exploit their intrinsic device-to-device (D2D) variability8. Although this approach provides a10

direct representation of uncertainty, each synaptic weight requires as many devices as samples, resulting in substantial memory11

overhead that limits scalability.12

Temporal sampling provides an alternative to population coding by using a single bit-cell as a stochastic variable that13

is repeatedly programmed or read to generate samples from its intrinsic cycle-to-cycle (C2C)9, 10 or read-to-read (R2R)14

variability11–16. Temporal stochasticity can arise either during programming or readout. Write-based approaches exploit C2C15

fluctuations in devices whose conductance is highly sensitive to charge trapping, such as two-dimensional material-based16

memories9. However, repeated programming progressively consumes device endurance, limiting the number of samples that can17

be generated over the device lifetime. Read-based approaches instead harvest intrinsic read noise, for example from the RESET18

state of memristors17. However, mitigating D2D variability in such architectures requires the parallel readout of multiple19

cells, partially offsetting the footprint advantage of temporal coding11. Temporal sampling can thus substantially reduce the20



memory overhead of Bayesian hardware, but realizing its full potential requires stochastic fluctuations that are sufficiently21

strong, controllable and reproducible across devices while remaining compatible with compact single-cell implementations. A22

comparative schematic summarizing the main characteristics of population and temporal sampling is provided in Supplementary23

Note 1.24

Here, we introduce a memristor-based temporal-coding circuit that combines analog storage of the Gaussian mean µ25

and standard deviation σ with externally injected white noise. This architecture addresses two key requirements for scalable26

hardware sampling. First, independent programming of the mean and standard deviation enables orthogonal exploration of27

the Gaussian parameter space. This capability has also been pursued in recent approaches based on a ferroelectric NAND28

cell, in which the Gaussian distribution is shaped during programming through voltage-step-controlled write operations13, and29

on a dual-channel memristor with intrinsically decoupled conductance channels14. In contrast, our architecture separates the30

non-volatile storage of (µ,σ) from the generation of stochasticity during readout, enabling independent control of the two31

parameters using a standard CMOS-compatible hafnium-oxide-based memristor technology integrated in the BEOL of a mature32

process, while avoiding repeated write cycles for distribution shaping. Second, rather than relying on a single entropy source33

per layer, as in previous approaches based on 3D Fe-diode devices15, 16, our architecture distributes an externally generated34

white-noise source across the sampling circuit, enabling the generation of uncorrelated samples at frequencies above 1 kHz.35

In this work, we develop a fully custom temporal-sampling demonstrator to experimentally assess the use of externally36

injected white noise for memristor-based Bayesian inference. We first show that intrinsic memristor fluctuations do not provide37

the controllable and spectrally white stochasticity required for temporal sampling, motivating the separation of non-volatile38

parameter storage from temporal noise generation. We then evaluate the resulting hardware-aware framework at the network39

level through hardware-calibrated simulations. By decoupling non-volatile storage from temporal stochasticity and explicitly40

incorporating device variability into learning, this work establishes a route to compact Bayesian inference with memristive41

devices, in which the number of stochastic samples can be increased in time without increasing the non-volatile memory42

footprint. Details of chip fabrication, electrical characterization and hierarchical training are provided in the Methods.43

Results44

Memristor-based circuit for Bayesian temporal sampling45

Read-based temporal coding poses a stringent challenge for NVM-based hardware implementations becauses representing46

each synaptic weight with a single programmed conductance requires precise control of the programmed state. In a Bayesian47

representation, each synaptic weight is described by independent mean and standard-deviation parameters, µ and σ , whose48

accurate encoding directly determines the statistics of the generated temporal samples. We therefore decouple the deterministic49

and stochastic components of the weight representation by introducing an external temporal Gaussian random-number generator50

(GRNG). The GRNG provides a controllable and reproducible external variance, σ2
ext , thereby relaxing the precision required51

from the NVM devices to directly encode of the stochastic component.52

To experimentally demonstrate this approach with memristor technology, we fabricated a 2048-memristors demonstrator53

implementing external white-noise injection (Fig. 1a). The array comprises 64×32 memristors, addressed through word-line54

(WL), source-line (SL) and bit-line (BL) shift registers, with BL capacitors used for the temporal accumulation of the cell55

outputs. The memristor stack consists of TiN/Ti/HfOx/TiN and is integrated in the back-end-of-line (BEOL) of a 130 nm56

CMOS technology. Its integration is evidenced by the FIB cross-section in Fig. 1b, which shows the memristor devices above57

the M1–M4 metal interconnect levels and the underlying transistor layer, and by the optical micrograph in Fig. 1c, which shows58

the 64×32 array together with the WL, SL and BL shift registers, BL capacitors and charge-to-voltage conversion circuitry59

based on a charge trans-impedance amplifier (CTIA).60

Each synaptic weight is encoded using three memristor devices, separating the control of its mean and standard deviation.61

One device defines the stochastic component through the conductance Gσ , while two differential devices encode the positive62

and negative contributions, µ+ and µ−. This three-device representation enables µ and σ to be programmed independently,63
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while retaining a compact cell-level implementation. The operating principle is illustrated in the fabricated single-bit cell64

of Fig. 1d. The σ branch comprises a memristor device with conductance Gσ , an RC filtering node and a source follower65

transistor T1. External white noise is injected through selector transistor T2; Gσ controls the effective RC cutoff frequency and66

therefore the amplitude of the fluctuations reaching the output. The two additional one transistor - one memristor branches67

independently generate the positive and negative mean currents, iµ+ and iµ−. These three contributions are summed at the68

CTIA, producing successive temporal output samples that follow the encoded Gaussian distribution. After acquisition, the69

deterministic mean contribution is obtained from the difference between the averaged positive and negative branches, whereas70

the stochastic component is obtained from the fluctuations of the σ branch. The resulting output can therefore be expressed as71

Vout =
〈

Vout,µ+

〉

−
〈

Vout,µ−

〉

+Vout,σ −⟨Vout,σ ⟩ , (1)

where the first two terms define the encoded mean, µ , and the last two terms form a zero-mean stochastic contribution with72

variance σ2, such that Vout ∼N (µ,σ2). The complete readout therefore converts the spatially stored memristor conductances73

into a sequence of temporal samples, which are subsequently processed digitally.74

The separate extraction procedures for σ and µ are detailed in Figs. 1e and 1f, respectively. For σ encoding (Fig. 1e), the75

memristor conductance Gσ is first programmed, after which white noise is injected into the cell and the resulting fluctuations76

are accumulated by the CTIA. The standard deviation of the output, std(Vout), is then extracted after removal of the DC77

component using 50 temporal samples. This procedure maps the programmed Gσ onto the effective output standard deviation78

and therefore onto σ . In contrast, µ encoding (Fig. 1f) relies on the differential branches: Gµ+ and Gµ− are programmed79

independently, their contributions are accumulated separately by the CTIA, and the mean values extracted from 50 tempo-80

ral samples are subtracted to obtain µ =
〈

Vout,µ+

〉

−
〈

Vout,µ−

〉

. This separation of the programming and extraction paths81

allows the mean and variance of the temporal Gaussian distribution to be independently controlled at the cell level. The ra-82

tionale for relying on an external entropy source rather than intrinsic memristor fluctuations is examined in the following section.83

84
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Figure 1. Design and operation of the memristor-based temporal Gaussian sampling demonstrator. a System-level

schematic of the 2048 memristor demonstrator with external white-noise injection. The 64×32 array is addressed through WL,

SL and BL shift registers. Each synaptic weight is encoded by three memristor devices: Gσ controls the stochastic component,

whereas Gµ+ and Gµ− differentially encode the mean. b FIB cross-section of the TiN/Ti/HfOx:Si/TiN memristor stack

integrated in the BEOL of a 130 nm CMOS technology, showing the memristor devices above the M1–M4 metal levels and the

underlying transistor layer. c Optical micrograph of the fabricated demonstrator, showing the 64×32 memristor array, WL, SL

and BL shift registers, BL capacitors and the CTIA. d Schematic of the fabricated single-bit cell. The σ branch consists of the

memristor device Gσ , an RC filtering node and source follower T1. External white noise is injected through selector transistor

T2, with Gσ setting the effective RC cutoff frequency and hence the amplitude of the generated fluctuations. The two differential

one transistor – one memristor branches independently encode µ+ and µ−. Their currents are combined with the stochastic

contribution at the CTIA to generate successive samples of the encoded Gaussian distribution. e Experimental workflow for

σ extraction: programming of Gσ , external white-noise injection, CTIA accumulation, and extraction of std(Vout) after DC

removal using 50 temporal samples. f Experimental workflow for µ extraction: independent programming of Gµ+ and Gµ−,

separate CTIA accumulation, and computation of the mean from 50 temporal samples according to µ = ⟨Vout,µ+⟩−⟨Vout,µ−⟩.

Intrinsic memristor variability limits temporal stochasticity85

We next investigated whether the intrinsic variability of filamentary HfOx/Ti memristors could provide the temporal stochasticity86

required for Bayesian sampling. We separately characterized device-to-device (D2D), cycle-to-cycle (C2C), and read-to-read87

(R2R) variability using dedicated programming and readout protocols (Fig. 2a). D2D variability was obtained by programming88

different devices once to the same target conductance and reading their programmed states, whereas C2C variability was89

evaluated by repeatedly programming the same device to the same target and reading each programmed state. R2R variability90

was instead measured by repeatedly reading a single programmed state without reprogramming. These measurements isolate,91

respectively, spatial variability between devices, programming-induced variability and temporal fluctuations during repeated92

reads.93

For comparable target conductances, the three mechanisms produce markedly different distributions of conductance94

values (Fig. 2b). The extracted (µG,σG) pairs were obtained from 256 devices for D2D, 19 programming cycles on a single95
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device for C2C, and 50,000 reads of a single programmed state for R2R. The corresponding empirical distributions were96

approximated by normal distributions, G ∼N (µG,σ
2
G), to quantify their respective spread. D2D measurements exhibit a97

relatively compact cluster in the (µG,σG) plane, whereas C2C measurements show a substantially broader distribution of98

both the mean conductance and its standard deviation. R2R measurements are characterized by much smaller conductance99

fluctuations for an individual programmed state, but these fluctuations vary strongly from device to device. Thus, even when100

devices are programmed to similar conductance values, their intrinsic temporal noise amplitudes are not uniquely determined101

by the programmed conductance.102

This lack of control becomes apparent when the extracted standard deviation is plotted as a function of the mean conductance103

(Fig. 2c). D2D variability is substantially larger than R2R variability, with the latter being approximately five times smaller over104

the investigated conductance range. However, the R2R contribution exhibits a large device-to-device dispersion, preventing105

the noise amplitude from being reliably predicted from the conductance state. C2C variability also contributes a broad106

distribution, indicating that the stochastic response can change from one programming event to another. In addition, the107

mean R2R standard deviation remains approximately independent of the programmed conductance, in contrast to the required108

scaling of the stochastic component with the encoded σ . The observed R2R behaviour is consistent with previously reported109

conductance-fluctuation trends in filamentary oxide memristors18.110

Beyond its amplitude, the spectral character of the intrinsic fluctuations is also incompatible with the assumptions underlying111

temporal Gaussian sampling. The normalized R2R noise power spectral density (PSD), measured from 10,000 consecutive112

reads at G = 130 µS, follows an approximate 1/ f β dependence (Fig. 2d), with β ≈ 1 over the measured frequency range. This113

flicker-noise-like spectrum indicates temporally correlated fluctuations, in contrast to the frequency-independent PSD expected114

for white Gaussian noise (β = 0). Consequently, intrinsic memristor fluctuations provide neither a reproducible mapping115

between conductance and noise amplitude nor the spectrally white temporal randomness required by the sampling model.116

These results motivate separating non-volatile parameter storage from temporal noise generation. In the proposed architec-117

ture, the memristor conductances encode the distribution parameters, while a dedicated external white-noise source provides the118

temporal randomness. The effect of this separation is illustrated in Fig. 2e, where the standard deviation of 512 temporal samples119

from the σ branch is plotted against its programmed conductance Gσ , with and without noise injection. Without injection,120

the measured σ(Vout) is determined by intrinsic R2R fluctuations and residual fluctuations from the measurement setup. The121

resulting standard deviation shows a broad and non-monotonic dependence on Gσ , preventing a reliable conductance-to-noise122

mapping. With external white-noise injection, in contrast, σ(Vout) increases approximately linearly with Gσ . The conductance123

therefore acts as a programmable gain for the externally generated stochastic signal, allowing the desired standard deviation to124

be set independently of the intrinsic variability of the memristor.125

The spectral properties of the resulting output further demonstrate this separation (Fig. 2f). The normalized PSD of the σ126

branch, evaluated over 512 temporal samples, is approximately flat over the measured frequency range, corresponding to β = 0127

and hence to a white-noise spectrum. Its amplitude is more than two orders of magnitude larger than that of the differential128

µ+−µ− branch, whose PSD decreases approximately with frequency and remains close to the measurement floor. The output129

stochasticity is therefore dominated by the injected noise in the σ branch, while temporal fluctuations associated with the130

stored mean are negligible. The combination of a programmable memristor conductance and an external white-noise source131

consequently provides the two properties that intrinsic memristor variability cannot simultaneously deliver: a reproducible132

control of the stochastic amplitude and an approximately white temporal spectrum.133

This architecture thus preserves the non-volatile and compact representation of the distribution parameters in the memristor134

array while moving the generation of temporal randomness to a controlled external source. The programmed conductance Gσ135

determines the amplitude of the injected fluctuations, rather than relying on the uncontrolled intrinsic noise of an individual136

device, providing a direct and reproducible route to the σ parameter required for Bayesian temporal sampling.137

External noise injection solves the problem of generating controllable temporal stochasticity. It does not, however, remove138

device-to-device variability in the memristors that encode µ and σ . We next examine how this variability propagates into the139
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Figure 2. Intrinsic memristor variability and externally injected white noise. a Measurement protocols used to isolate

device-to-device (D2D), cycle-to-cycle (C2C), and read-to-read (R2R) variability. b Conductance statistics extracted for the

three variability sources at comparable programming targets. Each distribution is characterized by its mean µG and standard

deviation σG, with the corresponding probability density functions shown for representative measurements. c Standard deviation

σG as a function of mean conductance µG for D2D, C2C and R2R variability. Shaded regions indicate the 95% confidence

intervals. R2R variability is substantially smaller than D2D variability but exhibits a large device-to-device dispersion and

remains approximately independent of the programmed conductance. d Normalized power spectral density (PSD) of R2R

fluctuations measured at G = 130 µS from 10,000 consecutive reads. The spectra follow an approximate 1/ f β dependence

with β ≈ 1, characteristic of flicker-like rather than white noise. e Standard deviation of 512 temporal samples from the σ
branch as a function of the programmed conductance Gσ , with and without external white-noise injection. Noise injection

establishes an approximately affine relationship between Gσ and σ(Vout), enabling programmable control of the stochastic

amplitude. f Normalized output-noise PSD of the σ branch and of the differential µ+−µ− branch. The σ branch exhibits

an approximately white spectrum (β = 0) and a noise power more than two orders of magnitude larger than that of the mean

branch, demonstrating that the temporal output fluctuations are dominated by the injected noise.

Hardware-aware learning141

We next quantified how programming variability translates into uncertainty in the Gaussian parameters represented by the142

fabricated circuit. Electrical measurements performed across 1024 µ± branches and 1024 σ branches of the chip (Fig. 3a,b)143

establish experimentally the transfer functions used to map memristor conductances onto the mean and standard deviation of144

the sampled distributions. The cumulative distribution functions (CDFs) in Fig. 3a show a systematic shift of the extracted σ145

as Gσ is increased, demonstrating a monotonic and approximately linear control of the stochastic amplitude. This behaviour146

is consistent with the operation of the σ branch, in which the programmed conductance controls the effective filtering of147

the externally injected white noise. Similarly, the CDFs of µ+ and µ− in Fig. 3b shift systematically with Gµ±, providing a148
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controlled encoding of the positive and negative contributions to the mean. These measurements establish the experimentally149

accessible conductance-to-parameter mappings that are subsequently used during hardware-aware training.150

The finite variability of the three memristor branches, however, prevents a programmed conductance triplet (Gσ ,Gµ+,Gµ−)151

from corresponding to a unique pair (µ,σ). Instead, device-to-device (D2D) variability transforms a nominal programming point152

into a distribution of realised Gaussian parameters. This hierarchy is illustrated in Fig. 3c: a single point in conductance space153

maps onto a finite region in parameter space, from which repeated temporal samples are drawn according to Vout ∼N (µ,σ2).154

Different programming scenarios therefore generate overlapping distributions in the µ −σ plane rather than deterministic155

parameter values. The uncertainty is particularly relevant because the three branches contribute independently to the realised156

parameters and consequently combine to determine the joint distribution of µ and σ .157

We capture this experimentally observed uncertainty using a hierarchical probabilistic model. The independent branch158

statistics are described as159

µ+ ∼N
(

µ+
ideal,∆µ2

+

)

, µ− ∼N
(

µ−ideal,∆µ2
−

)

, σ ∼N
(

σideal,∆σ2
)

, (2)

where the experimentally measured spreads of the individual branches are propagated to the encoded Gaussian parameters.160

Because the mean is obtained from the differential combination µ = µ+−µ−, its variance is given by ∆µ2 = ∆µ2
++∆µ2

− for161

independent branches. The resulting joint distribution of the encoded parameters can therefore be represented by a bivariate162

Gaussian,163

εQ ∼N2 (M,Σ) , M =

(

µideal

σideal

)

, Σ =

(

∆µ2 0

0 ∆σ2

)

, (3)

with µideal = µ+
ideal−µ−ideal. Representative measurements in Fig. 3d show that the resulting distributions form approximately164

elliptical confidence contours around the ideal programming point. The marginal distributions along the µ and σ axes directly165

quantify the experimentally observed uncertainty in each encoded parameter, while the corresponding quantile contours provide166

a compact representation of the probability of obtaining a given realised weight.167

This formulation defines the set of experimentally realizable weights as a discrete codebook of stochastic elliptical states168

rather than as a continuous set of ideal Gaussian parameters. Figure 3e summarizes this mapping from the independently169

characterized branch distributions to the equivalent bivariate elliptical model. Each conductance combination therefore170

corresponds to an experimentally calibrated elliptical state εQ, whose centre is set by the nominal encoded (µ,σ) and whose171

extent is determined by the measured D2D variability. The resulting representation explicitly incorporates both parameter172

quantization and device-induced uncertainty into the hardware model. The relevance of the bivariate Gaussian model is assessed173

in Supplementary Note 2 by comparing its predicted confidence regions with experimentally extracted density contours across174

a representative subset of quantized weight states εQ.175

To train an inference network directly against these experimentally realizable states, we adapted Hierarchical Variational176

Models (HVM)19. HVM provides a natural framework for representing uncertainty through hierarchical latent variables, which177

we use here to account for the stochasticity associated with the memristor-encoded elliptical states. A direct optimization of the178

hardware states would nevertheless be problematic because the available set εQ is discrete. We therefore introduce a hidden179

continuous elliptical weight εH , which serves as the optimization variable while the forward model remains constrained to180

experimentally realizable states.181

The resulting hardware-aware optimization procedure is illustrated in Fig. 3f. At each learning step k, the continuous hidden182

distribution ε (k)
H is projected onto the closest experimentally realizable quantized state εQ, using the Hellinger distance as the183

projection metric. The Bayesian loss L (εQ) and its gradient are then evaluated using this quantized state, ensuring that both184

the forward and backward passes reflect the statistics of the actual hardware representation. The resulting gradient is used to185
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update the hidden continuous state according to186

ε (k+1)
H ← ε (k)

H − lr
∂L

∂ε

⃓

⃓

⃓

⃓ε=εQ

, (4)

where lr is the learning rate. The updated hidden distribution is again projected onto the available codebook at the next iteration,187

resulting in alternating continuous gradient accumulation and discrete hardware-constrained evaluation.188

This hidden-weight formulation allows the optimization to evolve in a continuous parameter space while preserving189

the discrete and stochastic nature of the fabricated memristor states during inference. Rather than compensating for device190

variability after training, the method incorporates the measured distributions of (µ,σ) directly into the optimization. The191

resulting learning procedure is therefore hardware-aware by construction: the network is trained using the same quantized192

elliptical states and uncertainty statistics that constrain the physical inference chip.193
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Figure 3. Hardware-aware encoding and learning with experimentally characterized memristor states. a Experimental

encoding of the standard deviation σ across 1024 σ branches. Cumulative distribution functions (CDFs) of the extracted σ
values (black) shift systematically with the programmed conductance Gσ (blue), demonstrating programmable control of the

stochastic amplitude. b Experimental encoding of the differential mean across 1024 µ± branches. CDFs of the extracted µ±
values (black) shift with the programmed conductances Gµ± (red), establishing controlled encoding of the mean contributions.

c Hierarchical mapping from programmed conductances (Gσ ,Gµ+,Gµ−) to the encoded distribution parameters (µ,σ) and,

subsequently, to temporal samples Vout ∼N (µ,σ2). D2D variability in the three memristor branches transforms each nominal

programming point into a distribution of realised Gaussian parameters. d Representative experimentally obtained joint

distribution of (µ,σ) around the ideal programming point. Marginal distributions quantify the spreads ∆µ and ∆σ , while the

quantile contours define the corresponding stochastic elliptical state εQ. e Parametric elliptical model obtained by propagating

the independently measured branch distributions. The encoded mean and standard-deviation uncertainties are represented by

a bivariate Gaussian with mean vector M and covariance matrix Σ, defining the experimentally realizable elliptical states. f

Hardware-aware training using Hierarchical Variational Models (HVM). A continuous hidden elliptical distribution εH is

projected onto the closest quantized hardware state εQ at each learning step. The Bayesian loss and gradient are evaluated on

εQ, while the gradient is accumulated in εH before the next projection, enabling optimization despite the discrete hardware

codebook.
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Classification results based on training over quantized elliptical states194

We next evaluated the impact of the experimentally calibrated elliptical-state representation at the network level. Training,195

inference and temporal sampling were performed in software on the MIT-BIH Arrhythmia dataset20, using the experimentally196

measured conductance-to-parameter mappings and the corresponding stochastic elliptical states of the fabricated memristor197

circuit. This software-based evaluation preserves the quantization and device-to-device variability measured experimentally,198

while allowing the effect of temporal sampling and hardware constraints to be evaluated independently of circuit-level readout199

limitations.200

The number of temporal samples provides a direct trade-off between computational sampling and inference performance.201

Figure 4a shows the classification accuracy obtained for the three considered network architectures as a function of the number202

of temporal samples. For all architectures, accuracy increases rapidly with the number of samples and subsequently approaches203

a saturation regime. The same behaviour is observed for out-of-distribution (OOD) detection, evaluated using the area under the204

receiver-operating-characteristic curve (AUC) with epistemic uncertainty as the detection score8 (Fig. 4b). Thus, only a finite205

number of temporal samples is required to recover most of the classification and uncertainty-estimation performance, providing206

a controllable accuracy–sampling trade-off. Further details on the confidence intervals and simulation runs are provided in207

Supplementary Note 4.208

The temporal representation also changes the relationship between Bayesian model capacity and non-volatile memory usage.209

Figures 4c,d compare the simulated accuracy and memristor count of the proposed HVM-based temporal implementation with210

population coding and standard Bayes by Backpropagation (BBB)1. At comparable classification accuracy, temporal coding211

reduces the required number of memristors by a factor of 2.7. Conversely, when the total memristor budget is kept comparable,212

the temporal representation can accommodate a larger network and increases the classification accuracy by 4.2 percentage213

points. These two operating points illustrate complementary benefits of the proposed representation: temporal coding can either214

reduce the non-volatile memory required for a given accuracy or increase model capacity for a fixed hardware budget.215

The origin of this compression is that the Gaussian weight distribution is represented by three memristors per synaptic216

weight, independently of the number of temporal samples used during inference. The additional samples therefore increase the217

number of stochastic evaluations of the same stored distribution rather than requiring additional non-volatile storage. In contrast,218

the number of stored parameters in the proposed implementation is fixed by the three-device representation of (µ+,µ−,σ).219

Temporal sampling consequently provides an additional computational dimension without increasing the memristor count. The220

resulting separation between memory footprint and sampling resolution allows classification accuracy and epistemic uncertainty221

estimation to be improved through temporal averaging without a proportional increase in non-volatile memory.222

Figure 4e places the proposed implementation in the context of previous Bayesian hardware approaches based on population,223

write-based and read-based temporal coding. The present approach combines analog encoding of the mean and standard224

deviation with analog generation of white-noise fluctuations in HfOx:Si memristors integrated in a 130 nm technology. The225

experimentally calibrated elliptical-state representation further incorporates device variability into the training procedure, rather226

than treating the programmed conductances as ideal deterministic parameters. Together with the three-memristor-per-weight227

representation, this provides a compact non-volatile implementation in which stochastic sampling is generated temporally and228

its amplitude is controlled through the programmed σ branch.229

Overall, these results show that the proposed representation retains the benefits of Bayesian inference and temporal230

uncertainty estimation while decoupling the number of temporal samples from the non-volatile memory footprint. The231

experimentally constrained HVM therefore provides a route to inference models that are simultaneously aware of memristor232

quantization, device variability and the finite sampling budget of the hardware.233
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Figure 4. Inference performance and hardware trade-offs of temporal coding with quantized elliptical states. a,b

Classification accuracy and epistemic-uncertainty AUC for out-of-distribution detection as a function of the number of temporal

samples for the three considered network architectures. Both metrics increase rapidly with the number of samples before

approaching a saturation regime. c Classification accuracy as a function of the total number of memristors (ReRAMs) for

the proposed HVM-based temporal implementation and Bayes by Backpropagation (BBB). The two marked operating points

correspond to either comparable accuracy, for which temporal coding reduces the memristor count by 2.7×, or comparable

memory budget, for which temporal coding provides a 4.2 percentage-point accuracy improvement. d Summary of the

constant-accuracy and constant-memristor operating points, illustrating the trade-off between inference performance and

non-volatile memory footprint. e Comparison with representative Bayesian hardware implementations based on population,

write-based and read-based temporal coding. The proposed approach combines analog encoding of µ and σ with externally

generated white-noise sampling in 130 nm HfOx memristors, using three memristors per weight independently of the number

of temporal samples.
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Discussion234

Here, we have shown that decoupling the non-volatile storage of Bayesian weight parameters (µ,σ) from the temporal235

generation of stochastic samples provides a viable route to compact memristor-based Bayesian hardware. Intrinsic cycle-236

to-cycle and read-to-read memristor fluctuations exhibit a non-white, 1/ f β spectrum and an amplitude that is only weakly237

and unpredictably related to the programmed conductance, making them unsuitable as a direct entropy source for temporal238

sampling. By instead injecting an externally generated white-noise process whose amplitude is set through a dedicated σ239

branch, the proposed circuit recovers the reproducibility and spectral whiteness that intrinsic variability alone cannot provide,240

while retaining a compact, three-memristor-per-weight, non-volatile representation of each synaptic weight distribution.241

A second contribution of this work is the hierarchical variational training procedure, which explicitly incorporates the242

experimentally measured device-to-device variability of the three memristor branches into the learning process rather than243

treating programmed conductances as ideal, deterministic targets. By representing each synaptic weight as a quantized elliptical244

state and optimizing a continuous hidden variable projected onto this hardware-constrained codebook at every training step,245

the network is trained directly against the statistics of the fabricated circuit. Evaluated at the network level on the MIT-BIH246

Arrhythmia dataset, this hardware-aware approach reduces the number of memristors required to reach a target accuracy by a247

factor of 2.7× relative to population coding trained with Bayes by Backpropagation, or alternatively improves accuracy by248

4.2 percentage points at matched memristor count – using only three memristors per weight, independently of the number of249

temporal samples drawn during inference (Fig. 4c,d). Similar accuracy–memory trade-offs were obtained when applying the250

same hardware-calibrated training methodology to image classification tasks (MNIST and EMNIST Letters, Supplementary251

Note 5), indicating that the benefits of temporal coding with HVM are not specific to the ECG classification task.252

These results indicate that separating spatial, non-volatile storage from externally controlled temporal stochasticity avoids both253

the memory overhead inherent to population coding and the endurance and write-energy penalties associated with cycle-to-cycle,254

write-based sampling schemes (Fig. 4e). Several aspects of the present demonstration nonetheless call for further investigation.255

First, temporal randomness is currently supplied by a bench-top arbitrary waveform generator; realizing the full footprint256

and energy benefit of the approach at the system level will require integrating a compact, on-chip Gaussian random-number257

generator, and quantifying its area and energy overhead against the memristor-count savings reported here. Second, the258

granularity of the experimentally realizable codebook of elliptical states, set by the device-to-device variability of the three259

memristor branches, imposes an intrinsic limit on achievable precision; characterizing this precision–compactness trade-off,260

and exploring whether it can be tightened through improved device uniformity or programming strategies, is an important261

direction for future work.262

Ref.12 also relies on an external stochastic source to generate Gaussian-distributed samples, using a differential pair of263

VO2-based bitcells whose Bernoulli switching events are weighted by the conductance of paired one transistor – one memristive264

cells and accumulated so that a Gaussian distribution emerges through the central limit theorem. Our architecture achieves the265

same outcome with a simpler, single-branch implementation: rather than combining two independent stochastic sources through266

a differential pair, temporal charge differencing on a single memristor branch amplifies the injected noise while removing its267

DC component. This simplification suggests that Gaussianity need not originate from the stochastic source itself. Provided that268

the source generates sufficiently decorrelated, finite-variance samples, Gaussian statistics can instead emerge through temporal269

accumulation under the conditions of the central limit theorem. Although this mechanism is not directly tested in the present270

work, which relies on a stochastic source whose sample distribution has already been verified to be Gaussian (Methods), it271

points to a broader design space in which non-Gaussian stochastic sources may serve as entropy sources for memristor-based272

GRNGs.273

Looking forward, combining the present temporal-coding architecture with a compact, on-chip entropy source would enable a274

fully integrated, non-volatile and endurance-free Bayesian inference chip. More broadly, by treating device-to-device variability275

as a modeled component of the hardware rather than a nuisance to be suppressed, the hierarchical variational approach276

introduced here offers a general strategy for deploying uncertainty-aware neural networks on memristive hardware under277
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realistic, non-ideal operating conditions.278

Methods279

Chip fabrication280

The demonstrator circuit was fabricated using Leti’s MAD200 technology, based on a 130 nm CMOS process with TiN/Ti/HfOx:Si/TiN281

memristors integrated in the back-end-of-line (BEOL) between metal levels 4 and 5. The memristors comprise a 10 nm-thick282

Si-doped HfOx switching layer between TiN electrodes and a Ti scavenging layer introduced to reduce the forming voltage.283

The memristor pillars were patterned with a diameter of 300 nm. The fabrication process was similar to that reported in Ref.8.284

Design of test chip285

The test chip comprises a 2×32×32 memristor array, corresponding to 1024 σ branches and 1024 µ± branches, together with286

an on-chip charge trans-impedance amplifier (CTIA) implementing the charge-accumulation readout scheme. A full-custom287

analogue design was adopted with 5 V high-voltage CMOS devices used to interface with the memristor array. Electrical288

simulations were performed using Siemens Eldo, the circuit and layout were designed in Cadence Virtuoso, and layout-versus-289

schematic (LVS) and design-rule-check (DRC) verifications were performed using Calibre. Since the µ+ and µ− bitcells290

have identical schematics, their results are reported using the µ± notation. The RC bitcells, corresponding to the σ branches,291

share a 10 pF capacitor between the bitlines to reduce the array footprint. The CTIA incorporates a 4 pF feedback capacitor292

for on-chip charge sensing, enabling the measurement of noise-induced charge fluctuations under excitation from off-chip293

waveform generators (WFGs).294

Temporal sampling with Bayesian demonstrator295

To reduce design and verification time and avoid the development of a dedicated printed circuit board, the circuit was296

implemented in a scribe-line test structure comprising 25 I/O pads for wafer-level characterization. The pads provide the297

digital control signals required for memristor addressing and CTIA initialization, as well as dedicated analogue connections for298

memristor programming and bitcell readout through VTOP, VDRAIN, VSOURCE, VWL, and VGATE. Electrical characterization was299

performed using a Keysight B1500 parameter analyzer for DC biasing, a Keysight B1530 waveform generator/fast measurement300

unit for synchronized VTOP and VDRAIN waveforms, and a Keysight 33600A waveform generator to generate a band-limited301

Gaussian noise signal with standard deviation σ = 10 mV and bandwidth fB = 60 kHz. The Gaussian statistics of the applied302

VWL signal were verified at the probe-card level using a Teledyne LeCroy HDO4000 oscilloscope with a sampling rate of303

1 MHz. Digital addressing and analogue-to-digital conversion at the end of each accumulation sequence were controlled using304

an Arduino Mega 2560 board.305

Intrinsic variability estimation306

Our approach sought to isolate the effects of programming variability from those of read variability. First, we quantified C2C307

and D2D variability while minimizing the contribution of read-related fluctuations. To this end, we used 70µs read pulses308

with a 1µs ramp, and the signal was integrated over the final 50% of the pulse duration. Seven groups of 256 memristors with309

increasing compliance current were programmed 19 times and read once to evaluate the amplitude of D2D and C2C. Similarly,310

R2R fluctuations can be analyzed while minimizing C2C and D2D variabilities with smart program-and-verify scheme : 4311

independent groups of 1024 devices were encoded and a sequence 50k pulses was used to sample conductance with a 2µs312

period and 500ns integration time. We used Keysight B1530 to generate read pulses of 400mV and gate voltage of 5.3V.313

Hierarchical Variational Model314

HVM builds on the same Bayesian variational-inference framework used to approximate the posterior distribution of the model315

parameters. Given a dataset D , the posterior distribution over the network weights is denoted by p(z|D), where z represents the316

set of network weights. In a Bayesian neural network (BNN), this posterior is approximated by a variational distribution q(z|θ)317
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parameterized by θ . In the conventional formulation, θ consists of the set of mean and standard-deviation parameters of the318

BNN weights.319

Using Bayes’ rule, the variational objective can be expressed through the negative evidence lower bound (ELBO)21, 22:320

L = E
z∼qθ

(

log(
qθ (z)

p(z).p(D |z)
)

)

= E
z∼qθ

(logqθ (z))− E
z∼qθ

(logp(z))− E
z∼qθ

(logp(D |z))
(5)

The first two terms account for the divergence between the variational posterior and the prior, whereas the last term321

corresponds to the expected negative log-likelihood of the observed data. The expectations are evaluated using Monte Carlo322

sampling, with weight samples drawn from the variational distribution, as in Bayes by Backprop (BBB)1.323

In the proposed HVM formulation, each BNN weight is associated with an elliptical state ε in the (µ,σ) parameter space324

(see Fig. 3). The Gaussian weight distribution is therefore obtained hierarchically by first sampling the parameters (µ,σ) from325

the elliptical distribution and then sampling the weight z from the corresponding Gaussian distribution. Under a mean-field326

approximation, in which the weights are assumed to be independent, the variational posterior can be written as327

qθ (z) = ∏
ε

∫∫

(µ,σ)

fµ,σ (z) fε (µ,σ)dµ dσ where

⎧

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎩

θ = {ensemble of elliptical weight ε of BNN}

fµ,σ ∼N (µ,σ2)

fε ∼N2(M,Σ)

(6)

Here, fµ,σ (z) describes the conditional Gaussian distribution of an individual network weight for a given pair (µ,σ), while328

fε (µ,σ) describes the distribution of the Gaussian parameters induced by the experimentally characterized hardware variability.329

The latter is represented by a bivariate Gaussian with mean vector M and covariance matrix Σ, corresponding to the elliptical330

states introduced in Fig. 3. This hierarchical formulation therefore propagates uncertainty from the hardware-level parameters331

(µ,σ) to the distribution of individual BNN weights.332

For a given minibatch, weight samples are drawn hierarchically by first sampling (µ,σ) from the elliptical state ε and333

then sampling z from N (µ,σ2). The sampled weights are used to perform the forward pass and compute the neural-network334

output. The expected log-likelihood is subsequently estimated from these stochastic network evaluations and optimized using335

minibatch stochastic gradient descent (SGD)22. This procedure allows the uncertainty associated with the experimentally336

realizable elliptical states to be propagated throughout both training and inference.337
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