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Error-aware probabilistic training for
memristive neural networks

Jinchang Liu1,3, Jian Lu1,3, Shuangzhu Tang1, Ruixi Zhou1, Huiqin Ma1, Bo Lyu1,
Yang Tian 1, Tuo Shi 1 & Qi Liu 2

Analog computing-in-memory devices leverage fundamental physical laws for
computation, greatly enhancing energy efficiency. However, the stochastic
characteristics of analog devices conflict with the deterministic weight update
of the backpropagation algorithm (BP), limiting training performance. To
overcome the algorithm-device mismatch, we propose an error-aware prob-
abilistic update method (EaPU) that updates the weights based on a specified
probability derived from device writing noise. Compared to BP, EaPU reduces
the number of weight updates to <1‰ with minimal performance loss. Fur-
thermore, we validate EaPU experimentally on a 180 nmmemristor system for
image denoising and super-resolution and simulate its performance onResNet
and Vision Transformers. Results confirm that EaPU training yields over 60%
accuracy improvement, with ~50.54× and 13.23× lower training energy (and
~35.51× and 11.26× lower inference energy) compared to BP-based memristor
training and MADEM, respectively. Moreover, EaPU-based memristor hard-
ware reduces training energy by nearly 6 orders of magnitude compared to
graphics processing units. Here, we present a promising approach to precisely
and efficiently train analog device-based deep neural networks.

Deep neural networks (DNNs) have brought great success in exten-
sive industrial applications, such as image classification1,2, object
detection3,4, and natural language processing5,6. Large-scale DNNs
impose a substantial computing workload, requiring advanced
hardware platforms to accelerate the computational tasks7. Analog
computing-in-memory (ACIM) architecture, which performs vector-
matrix multiplication (VMM) based on physical laws, has been
regarded as a promising solution to address the limitations of the
von Neumann architecture and has achieved significant energy
efficiency8. Typically, memristive ACIM leverages the tunable non-
volatile conductance of memristors as the weight and performs
VMMs with Ohm’s law and Kirchhoff’s law on crossbar arrays,
showing significant efficiency improvement9,10.

Owing to the nonideal characteristics inherent in memristive
devices, arrays, and peripheral circuits11, there are inevitably precision
and efficiency limitations in memristor-based DNNs (shown in Fig. 1a),
causing degradation in network performance. When memristors are

utilized for calculation, the first step is device programming. It loads
network weights from software onto hardware. In this process, writing
noise (εcell) is inevitably introduced. εcell is composed of programming
noise and device relaxation. In ACIM hardware, limited resolutions in
devices and external circuits always result in discrete conductance
states9,12, thus a tolerance range is typically set to efficiently program
the device conductance to a desired continuous state13,14, leading to
programming noise. The relaxation phenomenon after programming
significantly contributes to retention failure and increases the error
εcell

9,15,16. Therefore, εcell always exists, causing amismatch between the
actual weight and the required weight. Afterward, in the implementa-
tion of VMM on memristor arrays, there exists reading noise, IR drop,
and external circuit nonidealities. These nonidealities in the VMM
calculation result in a residual error (εresidual). Therefore, εcell and
εresidual lead to precision limitations (quantitative indices for εcell and
εresidual are introduced in “Methods”). Moreover, in device program-
ming, spatiotemporal variations εvar

17,18 bring about the challenge of
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obtaining common programming parameters, reducing the weight
update efficiency.

Hardware-aware training11,19, which involves precise modeling and
employs software for error-aware learning and then applies trained
parameters to memristor systems, represents an approach to addres-
sing nonidealities. However, training on graphics processing units
(GPUs) incurs high training power consumption and latency compared
to memristor systems20, along with substantial modeling costs. Addi-
tionally, the separation of training and inference hardwaremay lead to
issues such as modeling biases and the impact of unmodeled para-
meters. Memristor-based training18,21, a memristor-based training
pathway for error-aware learning, can effectively leverage the high
energy efficiency and low latency characteristics ofmemristor systems
to reduce energy consumption and improve training efficiency.
Meanwhile, since training is performed directly on the memristor
system, it can counteract nonidealities through the learning process
and remain unaffected by modeling biases.

It has been confirmed thatmemristor-based in situ training allows
the neural network to tolerate nonideal characteristics of the
device20–23, resulting in a high-performance model. There exist several
training strategies, including global learning and local learning. The

global training strategy, such as the backpropagation algorithm (BP),
has made great progress18,21. However, the training strategy based on
BP meets the mismatch between analytically calculated training
information and the imprecisely programmed device conductance of
analog devices20. Owing to the programming noise and relaxation
effects in memristors, εcell introduces significant deviations in the
actual conductance update magnitudes (ΔGdesired + εcell) from the
desired updatemagnitudes (ΔGdesired) inmemristor arrays, resulting in
a stochastic conductanceupdate process and thus an unstable training
process, as depicted in Fig. 1b. Even though the writing precision in
analog devices is around 1μS9,19,24,25, there still exists a mismatch
between analog devices and algorithm (detailed analysis in “Results”),
reducing the training performance. Moreover, the realization of the
above high precision relies on complicated circuit design or intensive
software processing techniques, which substantially reduce energy
and area efficiency. Recently, local learning techniques have been
chosen to deal with the imprecision in memristive neural networks20.
However, owing to the lack of global information, local learning
techniques are inferior in the training ofDNNswith large datasets yet26.
Moreover, local learning techniques typically require additional
operations (such as different phases or additional branches)26,27,

a

Programming:
Programming noise

Relaxation:
Relaxation error

Writing error εcell

Multiplication:
Reading noise

Addition:
External nonidealities

Residual error εresidual

Precision limitation

VMM error εVMM

Temporal variation:
Nonlinearity

Spatial variation:
Device-to-device variation

Temporal variation:
Cycle-to-cycle variation

Spatiotemporal error εvar

Efficiency limitation
b

Fully update success

SDmem

Real analogue update

ΔGdesired

εcell

ΔGactual
Stochasticity

Partly update failed

Natural Feature

SDnn

Required algorithm update

ΔGdesired ΔGactual
Precise

Natural Feature

M
et

ric

Time

1
1

2Loss

2

M
et

ric

Time

1

Loss

1
2

2

Fig. 1 | Challenge of analog training. a Limitations of memristor-based calcula-
tions. Precision limitations of VMM cause the difference between the desired out-
put and actual output, which then worsens the results of ACIM. Efficiency
limitations cause more operations, resulting in more time and energy costs during
the update process. bDistinction between the analog and algorithm-based training
processes. The actual updatemagnitudes (ΔGdesired + εcell) in real analog devices are

much different from the required update magnitudes (ΔGdesired) due to the writing
error εcell, making the update process more stochastic and the histogram of actual
update magnitudes much flatter (Actually, |εcell|≫ |ΔGdesired| and SDmem≫ SDnn,
analyzed in “Results”). εcell causes different actual update magnitudes in analog
training, shownas the variationof theweightmatrix,which leads todeviations from
the desired update process and unstable training.
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increasing energy and time consumption. Therefore, it is necessary to
explore an efficient training technique that overcomes the algorithm-
device mismatch while preserving global information.

In this work, to address the algorithm-device discrepancy, we
propose an error-aware probabilistic update method (EaPU) that
employs probabilistic update magnitudes to align with the stochastic
updating process of memristors. With the EaPU, only 0.86‰ of the
parameters (for ResNet152) are updated, reducing the number of
update operations dramatically. For example, EaPU achieves an aver-
age update pulse count Nup (see “Methods”) of 6 × 10−3 in memristors
and over 104 times less than that of conventional write-verify methods
(average update pulse count of 66) with the same precision. When
combined with the non-write-verify methods18, EaPU further achieves
an average update pulse countNup of 8.6 × 10−4, 103 times less than that
of the original scheme (average update pulse count of 1). The sparse
update characteristic is equivalent to enhancing the device’s endur-
ance and extending its service life. Moreover, EaPU is highly compa-
tible with BP, making training with EaPU capture global features and
facilitate error-aware training simultaneously. For noiseless models,
EaPU achieves negligible performance loss in comparison with the
original BP. For noisy analog devices, the EaPU is experimentally vali-
dated on memristor hardware in multi-point regression problems,
including denoising and super-resolution tasks. Training with EaPU on
memristor hardware achieves better experimental results, with >80%
improvement in structural similarity index (SSIM) in most cases,
compared to related BP-based memristive training approaches (see
“Methods”). Furthermore, the feasibility of EaPU in large-scalemodels,
such as ResNet1,28 with CIFAR10 and CIFAR10029, SRResNet30 with
ImageNet31, and Swin Transformer32 with ImageNet100, is verified via
simulation. The simulation results confirm >60% improvements in
accuracy when noises are present. Moreover, evaluated at the 180 nm
technology node, EaPU demonstrates a training energy cost reduction
of 50.54× and 13.23× over classical BP-based memristor training
method18 and advanced MADEM20, respectively (For inference, the
reduction is 35.51× and 11.26×, respectively.). Besides, when scaled
down to 16 nm, the memristor hardware with EaPU offers an energy
advantage of nearly six orders of magnitude compared with GPUs. At
last but not least, we further test the retention characteristics of the
network after EaPU training, confirming its long-term stability. Com-
parisons with training strategies from other distinct approaches
demonstrate that EaPU exhibits good and balanced performance in
learning efficiency, training stability, training performance, algorithm
compatibility, energy-accuracy efficiency, and latency-accuracy
efficiency.

Results
Algorithm-device mismatch and EaPU method
Toovercome the unstable training processes originating from εcell, it is
necessary to conduct an in-depth analysis of εcell. The relationship
between device conductance and actual weight is typically set to a
linear correspondence8,33,34. Then the relationship between the con-
ductance updatemagnitude ΔG and the weight updatemagnitude ΔW
is given by

4G
Gmax

=
4W
Wmax

ð1Þ

whereGmax is themaximumprogrammable device conductance range
and Wmax is the maximum absolute synaptic weight value. We define
the Rwg as the ratio between Wmax and Gmax, then

ΔWdesired =Rwg ×ΔGdesired ð2Þ

ΔW actual =Rwg × ðΔGdesired + εcellÞ ð3Þ

where Eqs. (2) and (3) show the ideal and actual update magnitudes in
memristors, respectively. By analyzing Eqs. (1) and (3), it can be
observed that a narrow conductance range (small Gmax) leads to a
smallΔGdesired, further exacerbating the negative impactof εcell. Due to
the small learning rate (typically smaller than 1e-4)35–37, the |ΔGdesired| of
DNNs is always smaller than |εcell|. For example, we gather and analyze
the weight update magnitudes ΔWdesired by training ResNet341,28 with
CIFAR1029 using a large learning rate of 1e-3 (introduced in
Supplementary Fig. 2). It turns out that the weight update magnitudes
are extremely small (~10−5). According to Eq. (1), even if Gmax is in the
range of thousands ofμS, |ΔGdesired| is always less than0.1μS. Recently,
researchers have achieved the programming precision of 1μS9,19,24,25.
However, |εcell| of 1μS is still much larger than update magnitudes |
ΔGdesired|(<0.1μS), causing learning information loss. Some excellent
high-precisionmethods38,39may reduce εcell further, but the relianceon
external software processing or the need for precise circuits leads to
increased area, energy costs, and reduced flexibility. It would be more
advantageous to explore a flexible and low-cost training approach.
According to Eq. (3), the large εcell makes theΔWactual much larger than
ΔWdesired, leading to the terrible learning informationmissing in analog
learning (see detailed experiments in the “Simulation results on
advanced networks” section). To overcome the contradiction between
a large εcell and a small ΔGdesired, expanding ΔGdesired is an efficient
choice. Small Rwg indicates a wide conductance range, causing large
ΔGdesired and more ideal device characteristics. However, a wide
conductance range means high conductance, causing high energy
costs and complex circuit design. Moreover,most existingmemristors
are always in a narrow conductance range13,20,40. Therefore, wepropose
a robust and cost-effective roadmap to extend the weight update
magnitudes with negligible network performance degradation.

Enlarging the update magnitudes and maintaining the algorithm
performance typically requires a probabilistic method to reserve the
statistical mean value of updates41,42. The variability of εcell represents
the stochasticity of the memristor update. Moreover, the standard
deviationof εcell (SDεcell

) can be thought of as thequantifieddescription
of εcell. We propose the EaPU (shown in Fig. 2a) to adjust the update
magnitudes (ΔW, see “Methods”) with a threshold ΔWth (typically is
SDεcell

× Rwg, analyzed in the “Hyperparameter ΔWth” section), thereby
reducing the impact of update noise. The key idea of EaPU is to extend
the target updatemagnitudeswith a certain probability. If the absolute
value of the original update magnitude |ΔW| exceeds the threshold
ΔWth, the updatemagnitudeΔWn remainsΔW. Otherwise, if the |ΔW| is
below the ΔWth, the ΔWn has a possibility (|ΔW|/ΔWth) to be set as the
sign(ΔW)·ΔWth or it may stay at 0, meaning no update. The parameter
update formula of EaPU can be expressed as follows:

4Wn =

4W , j4W j≥4W th

signð4W Þ � 4W th, j4W j<4W thand with probabilityp= 4Wj j
4W th

0, 4Wj j<4W thand with probability 1� p

8
><

>:

ð4Þ

where ΔWth is the threshold and p is the probability rounded to ΔWth.
EaPU offers plug-and-play compatibility with popular optimizers
(introduced in “Methods”). For example, we can improve the optimizer
Adam43 to AdamEaPU (summarized in Supplementary Note 1) by
transforming original update magnitudes to desired update magni-
tudes with Formula (4) to adapt the feature of memristors.
Experimental results (shown in Supplementary Fig. 3) demonstrate
that AdamEaPU and SGDEaPU work well in practice and compare
favorably to the original BP (91.83% for AdamEaPU vs 91.76% for Adam
and 98.40% for SGDEaPU vs 98.50% for SGD, respectively). Further-
more, when the device is idealized, the ΔWth can be reduced to near
zero so that the AdamEaPU degrades to Adam. Even under ideal
conditions, EaPU can still substantially reduce the number of update
parameters due to the probabilistic update.
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Error-aware probabilistic training
With the suggested EaPU methods, the training procedure on mem-
ristors is shown in Fig. 2b. Thememristor performs themost expensive
VMM, while digital computing handles the rest. The EaPU is utilized to
compute the weight update magnitudes during error back-
propagation. The EaPU method can be implemented by introducing a
Bernoulli distribution (as shown in Supplementary Fig. 4). Further-
more, since the Bernoulli distribution can be realized using advanced
random number generators44,45, this validates the simplicity and effi-
ciency of hardware implementation for EaPU. Additionally, to achieve
an efficient update process, we propose a universal memorial pro-
gramming method (MP, details in “Methods”) to process the spatio-
temporal variations. MP maintains the updated simplicity of the two-
pulse scheme18 and the programming precision of the write-verify
method46. It should be noted that the hardware-level weight update on
memristors is not limited to MP, but other update methods can be
applied. With error-aware probabilistic training, we can achieve in situ
learning on memristors.

Hyperparameter ΔWth

To conduct the hardware experiments, we fabricate the one-transistor-
one-resistor (1T1R) TiN/TaOx/HfOy/TiNmemristor array and develop a
corresponding computing system (introduced in “Methods” and
Supplementary Fig. 11) with the National University of Defense

Technology. We program the device to different target conductance
ranges to obtain the εcell. With a programming tolerance value of 1μS,
the programming noise of the device (programmed conductance
point in Supplementary Fig. 12a) is less than 1μS,while the εcell (relaxed
conductance point in Supplementary Fig. 12a) turns out to be much
larger than the programming noise owing to the relaxation. It is con-
firmed that the relaxation error in the device is themain contributor to
εcell. With an increase in programming tolerance value, the program-
ming noise becomes more significant (shown in Supplementary
Fig. 13). By thesemeasurements, we can see that SDεcell

ranges from2 to
3μS, and the standard deviation of relaxation error is around 2 μS in
our device. We simulate the ResNet34 with varying εcell and ΔWth

values (details in Supplementary Fig. 14) and find that the ΔWth that
yields the best results is consistently around the value of SDεcell

.
Therefore, we choose SDεcell

of devices as ΔWth (ΔWth = SDεcell
×Rwg,

SDεcell
= 2μS, Rwg = 1/80μS−1 of our device) for experiments to enhance

the training performance. Moreover, there exists a wide range of ΔWth

values that can achieve satisfactory performance, allowing us to select
an empirical ΔWth for network training. Furthermore, the simulated
results of high SDεcell

(up to 16μS, shown in Supplementary Fig. 14d)
confirm that even though SDεcell

is 4 orders of magnitude larger than
the original update magnitudes used in BP, EaPU still achieves an
accuracy of approximately 80%. The robustness of EaPU is evidenced
by the impressive results.
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Hardware experiment for memristive autoencoder
To verify the feasibility of the EaPU method on memristors, we first
conduct hardware experiments using an autoencoder47,48, which is a
typical multi-point regression problem. In the experiment, the Mod-
ifiedNational Institute of Standards and Technology (MNIST) dataset49

is used to train a denoising autoencoder, following the probabilistic
training procedure. Figure 3a illustrates the feature map structure of
the autoencoder. The trainable parameters of the autoencoder net-
work are mapped using the dense mapping scheme, as illustrated in
Fig. 3b with different color blocks. Existing mapping methods always
use two or more cells to implement a signed weight8,22,38, reducing the
utilization rate and increasing the energy costs. To optimize the utili-
zation of memristor cells, the signed weight is encoded as a

conductance difference between a reference cell with a fixed con-
ductance in the reference column and a trainable cell with variable
conductance, called the reference column mapping method (intro-
duced in “Methods”). By employing this approach, only 162 cells
(135 + 27) are required to represent the 135 parameters of the auto-
encoder network, enhancing the energy efficiency of the training and
inference process.

The training flow of the autoencoder follows the error-aware
probabilistic training, and training configurations are introduced in
“Methods.”During the training process, the loss over the training steps
is presented in Fig. 3c, and the SSIM of the training epochs is shown in
Fig. 3d. To obtain the simulation results, the autoencoder with mem-
ristor features is simulated, taking into account the nonidealities of
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Fig. 3 | Denoising autoencoder tasks on memristor hardware. a Feature map
structure of the autoencoder. The first convolutional layer is an encoder, while the
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neglected in the figure. b Optical micrographs of the 32 × 32 1T1R array with color
blocks to show the different layers of the memristor-based autoencoder. c Loss
curves during the in situ training process. At the end of the training, the loss of the
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SSIM over 5 epochs. Ex situ training point is the inference result after programming
trained weights to memristors, while the weights are trained from a GPU using the
memristive model. e Comparison of denoising results among different methods.
The abbreviations mean the different training strategies rather than solely the
update method. Training with EaPU achieves better results. f Denoising results for
colorful images. The color image was split into three channels (R, G, B) and sepa-
rately transmitted to the trained autoencoder to get a denoised image.
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memristors. The hardware experiment (SSIM: 0.896) and noise-free
software simulation (SSIM: 0.869) achieve similar performance, con-
firming the ability of the memristor autoencoder to learn the various
nonidealities during the training procedure. The memristor noise
might improve the training robustness and performance of experi-
mental results33, causing better results. Supplementary Fig. 15 shows
the traditional peak signal-to-noise ratio (PSNR, another metric) index
of the autoencoder, where the experimental result (PSNR: 19.99)
achieves nearly the same PSNR as the simulation (PSNR: 19.84). To
verify the effectiveness of EaPU, we implement the error-aware prob-
abilistic training, sign-based update method with BP, write-verify
update method with BP, and two-pulse scheme with BP separately on
the memristor system to train an autoencoder and compare them, as
shown in Fig. 3e and Supplementary Fig. 16. The experimental results
show that better results (SSIM:0.896, >80% improvements of SSIM to
other training methods) are achieved with EaPU, due to the matching
of the update process.

Supplementary Fig. 17a, b confirms the denoising ability of the
trained memristor-based autoencoder by displaying the denoising
result. We apply uniform noise and bicubic interpolation noise to the
images, as shown in Supplementary Fig. 17c, further confirming the
denoising capability of the trained autoencoder on other types of
noise. Subsequently, we apply the trained autoencoder to denoise an
image sourced from the SVHN (Street ViewHouse Numbers) dataset50,
mitigating various forms of noise such as compression artifacts and
image editing distortions, and achieve the denoising image in Fig. 3f.
Moreover, Supplementary Fig. 18 presents the data compression result
achieved by a trained memristor-based autoencoder (compression
rate is 64.67%). Furthermore, an important application of auto-
encoders is anomaly detection, introduced in Supplementary Fig. 19,
achieving a classified accuracy of 96.56% to detectMNIST and Fashion
MNIST images.

Hardware experiment for memristive super-resolution
networks
In this part, a larger noise-sensitive task, super-resolution (SR)51,52, is
chosen to validate the effectiveness of EaPU on memristor hardware.
Figure 4a illustrates the feature-map-based architecture of the super-
resolution networkwith an upscaling factorof 2× (SRNet ×2). Similar to
the autoencoder, the densemapping scheme is employed in the super-
resolution network, as shown in Fig. 4b. As the transposed convolu-
tional layer of SRNet ×2 results in a large weight size after dense
mapping, we divide its weight into two parts, namely layer2-1 and
layer2-2, for separatemapping. Besides, through the reference column
mapping method, 396 cells (369 + 27) are required to represent the
369 parameters rather than 738 (369 × 2) cells, reducing nearly half the
number of cells.

The training process of the SRNet ×2 follows the error-aware
probabilistic training, and the training configurations are introduced in
“Methods.” Figure 4c illustrates the loss curve of the training process
during 400 training steps, and Fig. 4d shows the variation of SSIMwith
epochs, confirming that the experimental results (SSIM:0.933) closely
align with the noise-free software-trained results (SSIM: 0.958). We
further compare the error-aware probabilistic training with alternative
training methods for SRNet ×2, as illustrated in Fig. 4e and Supple-
mentary Fig. 20, achieving better results with EaPU (SSIM: 0.933, >0.6
improvements of SSIM to the classical two-pulse schemewith BP). This
result confirms the robustness and effectiveness of EaPU in the noise
networks. Besides, Fig. 4f, g displays the results using the trained
memristor-based SRNet ×2 for two-times image super-resolution, and
Supplementary Fig. 21 shows the further tasks on SRNet ×4.

To discuss the efficiency of error-aware probabilistic training, we
gather the update pulse number in different programming strategies
during the aforementioned training process (shown in Fig. 4h and
Supplementary Fig. 22). Due to the probabilistic updates of cells, by

using the EaPU, only around 6% parameters are updated during the
training process and the rest parameters are unchanged, shown in
Supplementary Fig. 22b, c, reducing the programming complexity.
Thus, the combination of EaPU and MP significantly reduces the
number of cells required for updating and results in anNup of less than
1 (~0.7) per device, reducing theNup by 10 times compared toMPalone
and 90 times compared to the write-verify method (WU). When the
fast-programming scheme (FP), including the sign-based update (SU)
and two-pulse scheme (TP), is integrated with EaPU, it is observed that
the Nup (0.1) decreases by a factor of ten compared to the fast-
programming scheme alone. When training with deep networks, Nup

decreases further, thereby yielding great energy consumption advan-
tages, which are analyzed in detail below.

Simulation results on advanced networks
Given that previous experiments have confirmed EaPU’s good training
performance and efficiency on memristor hardware, we further con-
duct simulations on advanced networks to verify the feasibility and
effectiveness of EaPU in deep networks.

We simulate the ResNet34 (34 layers) with the CIFAR10 dataset
and SRResNet ×4 network30 (37 layers, details in Supplementary
Fig. 23) with the ImageNet dataset to verify the enhancements and
robustness of EaPU. To analyze the impact of εcell, we implement
simulated experiments with the original BP and EaPU, shown in Fig.5a.
To be precise, the two-pulse scheme, write-verify update, and sign-
based update can all be equivalent to BP learning algorithms with
update noise. The dashed lines in Fig. 5a depict the training results of
BP for ResNet34 and SRResNet, highlighting the impact of large εcell on
the original BP algorithm. The arrow in Fig.5a further confirms the
substantial improvement offered by the proposed EaPUmethods (For
example, EaPU achieves an improvement of 73% in accuracy and 0.84
in SSIM for ResNet34 and SRResNet, respectively. The SDεcell

is 2μS and
Rwg is 1/80μS−1). The robustness of EaPU to large εcell relaxes the
requirements for device performance. Meanwhile, the simulation with
different Rwg (shown in Fig. 5b) further confirms the robustness and
insensitivity of EaPU to conductance range, achieving an improvement
of 70% in accuracy and 0.79 in SSIM for ResNet34 and SRResNet cor-
responding to the original algorithm, respectively, when Rwg is 1/
20μS−1. Due to the great robustness to εcell and the insensitivity to Rwg,
EaPU can be effectively applied to analog devices with various update
noise and conductance range, reducing the hardware constraints of
training. Furthermore, we supplement simulations of ResNet34 with
respect to unresponsive devices (shown in Supplementary Fig. 24),
confirming that the network can still achieve a training accuracy of 85%
in the presence of a 10% stuck-off ratio and a 2% stuck-on ratio.

As to very deep networks or complex datasets, we simulate
ResNet152 with the CIFAR100 dataset and Swin Transformer32 net-
works with the ImageNet100 dataset and achieve the experimental
outcomes presented in Fig. 5c and Supplementary Fig. 25. These
results align with those in Fig. 5a, showing that the original BP algo-
rithm struggles to train effectively in the presenceof significant weight
update noise, while EaPU effectively addresses this issue and the
accuracies are improved by 60.23%and88.78% for ResNet152 and Swin
Transformer, respectively. Moreover, as shown in Fig. 5a, c, the train-
ing results of the noiseless model with EaPU can achieve negligible
performance loss (<1%) in comparison with the original BP. The
aforementioned hardware tests have confirmed the sparse update
characteristic of the EaPU strategy. Given that the sparse update
characteristic is of greater practical significance for deep networks, we
statistically analyze the parameter update ratios during the training of
ResNet152 and Swin Transformer. During the training process of
ResNet152, we observe that the ratio of parameter updates (shown in
Fig. 5d) follows a pattern of first increasing and then decreasing, with
such updates generally remaining below 1.4‰ (the number of updated
parameters is reduced by 99.86% at least), while the training accuracy
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continues to rise throughout the process. Moreover, the average
update ratio Rup reaches 0.86‰ during the training process (shown in
Fig. 5e). This is equivalent to increasing the number of maximum
updates of the memristor system by three orders of magnitude, fur-
ther extending the service life of memristors and alleviating the con-
straints imposed by endurance. The Supplementary Fig. 26 further
validates the effectiveness of the sparse update characteristic of EaPU.
During the transfer learning process of Swin Transformer, the para-
meter update ratio and Rup decrease to less than 0.15‰ and 0.04‰
(shown in Supplementary Fig. 27), respectively. The statistic of Swin
Transformer confirms that the use of pre-trained weights can reduce
the proportions of parameter updates to a great extent. The ultra-low
Rup results in anorder-of-magnitude reduction inNup (shown in Fig. 5f),
thereby significantly lowering the energy consumption of the update
process (see “Discussion”).

We further test and simulate the long-term retention character-
istics of the network after training. Given that the long-term retention
characteristics of the trained network are closely related to device

properties, we discuss this from two aspects, including the RRAM
system and the PCM system. Firstly, we measure the conductance
changes of 4000 programmed RRAM devices over time on our hard-
ware, as shown in Supplementary Fig. 28. It shows that the con-
ductance of RRAM devices does exhibit a drift over time. The
conductance distribution of the RRAM only undergoes a mean shift,
which can be restored to the original distribution by adding a mean
offset, as shown in Supplementary Fig. 28f. We further test the accu-
racy over time of a fully connected network (64-32-24-10) under dif-
ferent methods on RRAM hardware, as shown in Supplementary
Fig. 29, confirming that the EaPU-trained model without any com-
pensation can address the drift issue in RRAM and maintain accuracy
for more than 60 h. Then, we conduct the relevant simulation in the
PCM system using AIHWKit53,54. Due to the complex drift character-
istics of PCM, GDC plays an important and indispensable role11,19. By
introducing GDC to the EaPU-trained ResNet32 model, the inference
accuracy of the network can be effectively maintained, as shown in
Supplementary Fig. 30.
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update). f The two-times image super-resolution results using the trained
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Fig. 5 | Simulation on deep networks. a Training results of ResNet34 and
SRResNet with different εcell and improvement of the suggested EaPU. As the
increase of εcell, the performance of the original algorithm declines dramatically,
while our suggested EaPU achieves near-invariable performance. b Training pro-
cess of ResNet34 and SRResNetwith differentRwg. A largerRwg indicates a narrower
conductance range, and Rwg = 0 means the noiseless training results. With SDεcell

kept constant, the performance of the original algorithm degrades rapidly as Rwg

increases, whereas training with EaPU maintains stable performance. c Training
results of simulated ResNet152 and Swin Transformer. Although the training results

of the nonidealmodel (SDεcell
is 2.4μS and Rwg is 1/80 μS−1) decline by around 3% or

4% when using EaPU, they are much better than the original algorithm with the
nonideal model (61.33% vs 1.1% and 90.22% vs 1.44%). d Update the ratio of
ResNet152during the trainingprocess. During the trainingprocess, the update ratio
is smaller than 1.4‰. e Update the ratio of all the layers in ResNet152. The legend
represents the number of training iterations. f The reduction in Rup and Nup

achieved by EaPU. Adopting EaPU reduces Nup by over three orders of magnitude
(with pre-trained weights, a further reduction of four orders of magnitude can be
achieved), which can contribute to lowering training energy consumption.
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Discussion
Due to the insensitivity to Rwg, EaPU can achieve comparable accuracy
for analog devices with much narrower conductance ranges, reducing
the hardware constraints for in situ training. As shown in Supple-
mentary Table 2 of Supplementary Note 2, EaPU with Rwg of 1/40μS−1

achieves better accuracy than the original BP algorithm with Rwg of 1/
4000μS−1, reducing the energy consumption (shown in Supplemen-
tary Note 2.3). Owing to its ability to learn efficiently within the narrow
training conductance range, the inference energy consumption of the
EaPU-trained model is reduced, achieving 35.51× lower than the fast-
programming scheme (700μJ vs. 19.71μJ) and 11.26× lower than
advanced MADEM (222μJ vs. 19.71μJ), as shown in Fig. 6a. Further-
more, EaPU yields an ultra-low update characteristic (with Rup being
0.86‰ in ResNet152), which can significantly reduce the update fre-
quency (with Nup being 6 × 10−3 in the configuration of EaPU+MP) and
thereby lower the energy consumption of the update process (more
than 100× than related training method, shown in Supplementary
Table 3 of Supplementary Note 2). Owing to low inference and update
energy consumption, EaPU-based training exhibits great training
advantages, with an energy consumption reduction of 50.54× com-
pared to the fast-programming scheme (and 13.23× compared to the
advanced MADEM), as shown in Fig. 6b. Furthermore, a comparison
between EaPU-based systems and GPU is performed, introduced in
Supplementary Note 3. In Flash memory systems where write energy
consumption and latency are substantial, EaPU can achieve over three
orders of magnitude reduction in update energy consumption and an
18.69× decrease in update latency. This ultimately results in a two-
orders-of-magnitude reduction in training energy consumption and an
18.19×decrease in training latency, confirming thepositive significance
of extending EaPU to other nonvolatile devices. Meanwhile, training

with high-energy-efficiency memristor systems yields better perfor-
mance, enabling nearly a 6-order-of-magnitude reduction in training
energy consumption and nearly a 2-order-of-magnitude reduction in
training latency compared with GPUs.

We further compare EaPU with other distinct memristor training
approaches using AIHWKit, including Tika-Takav2 (TTv2)55, chopped-
TTv2 (c-TTv2)56, and hardware-aware training (Hwa)11. EaPU, TTv2,
and c-TTv2 are memristor-based in situ training, and they all exhibit
favorable learning capabilities on the LeNet5 task; however, EaPU
achieves faster convergence efficiency, as shown in Supplementary
Fig. 31. The two-pulse scheme demonstrates the fastest convergence
efficiency in LeNet5. Nevertheless, its sensitivity to update noise
limits training accuracy. For deeper networks such as ResNet34,
inappropriate hyperparameters can cause TTv2 and c-TTv2 to suffer
from learning instability (as shown in Supplementary Fig. 32). It is
necessary to perform fine-grained hyperparameter tuning for TTv2
and c-TTv2, which incurs optimization costs. By adjusting the
threshold of the H matrix, the unstable learning problem can be
effectively addressed (as shown in Supplementary Fig. 33). However,
TTv2 and c-TTv2 require a certain degree of accumulation of gra-
dient magnitudes and can only perform weight updates after
reaching the threshold. This results in no weight updates within a
certain number of iterations, which reduces the learning efficiency of
the algorithm (as shown in Fig. 6c). TTv2 and c-TTv2 employ digital
modules for the cumulative computation of H arrays, which endow
them with momentum-like properties and enhance their learning
capability (see Supplementary Fig. 34 for further optimization). By
additional optimizations and fine parameter tuning, they may
achieve training performance comparable to that of naive SGD.
However, they fail to match the accuracy of momentum-based

Fig. 6 | Energy consumption comparison with related training methods and
performance comparison with different memristor training approaches.
a Inference energy consumption comparison. b Training energy consumption
comparison. Whether in inference or training, EaPU +MP achieves the lowest
energy consumption while attaining a several dozen-fold improvement in energy
efficiency compared to others. c Training process of ResNet34 with naïve SGD. The
CIFAR10 dataset is used for the ResNet34 training. The hyperparameters are

optimized in TTv2 and extend to c-TTv2. d Training process of ResNet34 with an
advanced optimizer. Here, TTv2+momentum and c-TTv2+momentum apply
momentum characteristics to layers such as batch normalization (batchnorm)
layers. By comparison, EaPU enables a stable learning process while allowing
advanced training techniques to further enhance training performance (achieving
~30% improvement) than naïve SGD with EaPU.
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training methods (as shown in Fig. 6d) and struggle to effectively
accommodate more advanced optimizer strategies (e.g., Adam). In
contrast, EaPU is compatible with such advanced optimizer strate-
gies, thereby achieving better training performance. Furthermore, in
simulations related to EaPU, we don’t employ any optimization
methods other than the one detailed in the “Hyperparameter ΔWth”

section. Hwa is an approach that trains the noise model in software
(GPUs or CPUs) to improve noise robustness and programs the
trainedweights onto analog hardware56; thus, it is mainly used for the
inference application and cannot leverage the energy and latency
advantages offered by memristor in situ training. Meanwhile, even in
the presence of update noise, EaPU in memristor system can achieve
learning capability comparable to that of Hwa in digital system, as
shown in Supplementary Fig. 35a. Compared with Hwa in digital
systems, EaPU in memristor training systems exhibit substantial
advantages in energy consumption and latency (analyzed in Sup-
plementary Note 3), with order-of-magnitude accuracy gains per unit
of energy and per unit of latency (as shown in Supplementary
Fig. 35b, c). This confirms the ultra-high energy-accuracy and latency-
accuracy efficiency of EaPU-based training. Thus, under energy and
latency constraints, EaPU can achieve training iterations that are
multiple orders of magnitude greater than those of Hwa, thereby
enabling higher learning performance.

In summary, EaPU training achieves robustness to update noise
and insensitivity to conductance ranges, compensating for the lim-
itations of in situ memristor training. Thus, it can handle various
nonideal characteristics, supporting the precise and efficient training
of DNNs in analog devices (such as ResNet152 and Swin Transformer).
Meanwhile, due to the probabilistic update characteristic of EaPU, the
number of updated parameters during training is significantly reduced
(down to 0.86‰ for ResNet152 and 0.04‰ for Swin Transformer),
which effectively lowers the energy consumption of the update pro-
cess (a three-order-of-magnitude reduction in Flash memory) and
increases the number ofmaximum iterations of thememristor system.
These reasons make the EaPU promising to be extended to various
nonvolatile device systems. Due to the ultra-low operating con-
ductance range and Nup, EaPU can achieve a several dozen-fold
reduction in training and inference energy consumption compared
with relatedmemristor training strategies. Coupled with the ultra-high
energy efficiency of memristors, EaPU is expected to achieve a nearly
six-order-of-magnitude reduction in energy consumption compared
with GPUs. Furthermore, EaPU-trained models can exhibit good
retention characteristics, and in particular, no additional compensa-
tion strategies are required for RRAM systems. Comparisons with
training strategies from other distinct approaches have further con-
firmed EaPU’s good and balanced performance in learning efficiency,
training stability, training performance, algorithm compatibility,
energy-accuracy efficiency, and latency-accuracy efficiency, further
enhancing the performance of analog training. The EaPU method
holds promise for combination with other distinct learning approa-
ches to achieve further improvements, thereby advancing progress in
the field of memristor training.

Methods
Quantitative index for memristor error
Memristor precision limitation can be described as the calculation
deviation of VMM8. VMMerror εVMM is utilized to quantify the variance
between the actual output yactual and desired output yfp, and can be
described as follows:

εVMM = yactual�yfp: ð5Þ

In this formula, yfp =WdesiredX, whereWdesired is the desired target
conductance for memristors and X describes the calculated input.
εVMM can be decomposed as the linear error εlinear from incorrect

programming, and residual error εresidual from calculation errors8,
including reading noise, IR drop, and external circuit nonidealities.
εlinear and εresidual are defined as:

εVMM = εlinear + εresidual, ð6Þ

εlinear =W actualX�yfp = ðW acutal�WdesiredÞX , ð7Þ

εresidual = yactual�W acutalX , ð8Þ

whereWactual is the actual conductance onmemristors. Herein, we use
writing noise εcell (εcell =Wacutal−Wdesired) to represent the εlinear for
obtaining measured metrics. Following the Eqs. (5), (7), and (8), Sup-
plementary Fig. 1 displays the visual representation of the differences
among εVMM, εresidual, and εcell. Here, wemainly illustrate the constraint
factorsof devices during the trainingprocess,while factors influencing
the long-term retention process (such as long-term drift, discussed in
the “Simulation results on advanced networks” section) are not
included.

Average update pulse count Nup

Nup refers to the average number of applied update pulse counts per
device per iteration during the training process, which facilitates
energy consumption calculation and evaluation. Assuming that the
total number of update pulses applied in each iteration is Nall and the
total number of devices is n, then

Nup =
Nall

n
: ð9Þ

Meanwhile, Nup can be derived from the average number of
update pulses per device per iteration (Ncell, counting only the devices
that undergo updates) and the average update ratio (Rup), as follows:

Nup =Ncell ×Rup: ð10Þ

Related training approaches and their limitations
Typical training approaches are a combination of learning algorithms
such as backpropagation and update schemes. To implement the
conductance update in analog devices, various conductance update
schemes for memristive training have been proposed yet, such as the
two-pulse scheme18,34, sign-based scheme10,57, and write-verify
scheme21. The two-pulse scheme employs a pair of set and reset pul-
ses to achieve a linear conductance response. However, the require-
ment for highly linear and symmetric devices to decrease εcell limits its
applicability18,33. Sign-based update methods apply the voltage whose
polarity relies on the sign of update magnitudes to the memristors.
Sign-based update methods are sensitive to operation voltage,
necessitating careful operations to prevent the large conductance
change57. These two methods bring about high efficiency but cause
more or less loss of programming precision. Moreover, traditional
write-verify methods combine a few pulses to adjust the conductance
and estimate whether the current conductance is required. Though
traditional write-verify strategies are efficient methods to decrease
εcell

21,24, the low-parallel operation and spatiotemporal variations εvar
make existing write-verify strategies highly time- and energy-cost.
Therefore, there exists an unbalance between precision and efficiency
in existing update methods, then limiting the training performance.
The proposed EaPU can overcome the limitations of unbalance,
achieving robust training and better performance.
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Definition for 4W, 4Wth, and 4Wn

During the training process, the naïve stochastic gradient descent
(SGD) update step can be described as follows:

wt + 1
ij =wt

ij � η
XB

b= 1
xbi δ

b
j ð11Þ

Where t is the iteration number, η is the learning rate, and b is the index

of batch size. xb
i is the activation at the input layer, and δb

j is the error

computed by the output layer. Thus, 4W denotes the update magni-

tudes�η
PB

b= 1
xb
i δ

b
j . Meanwhile, in more complex update strategies, the

update magnitudes may include components such as momentum and
second-order gradients. 4Wth is defined as the threshold in the EaPU
training process, which can be simply set as SDεcell

(SDεcell
×Rwg,

specifically). 4Wn, the target update magnitudes processed by EaPU
can be directly used in the memristor update process.

Transformation of the original optimizer to the suggested
optimizer
Composing the original optimizer with EaPU requires only a few steps:

Step 0: define required learning hyperparameters, such as learn-
ing rate α, threshold ΔWth;

Step 1: initialize the trainable parameters θ;
Step 2: calculate the update magnitudes ΔW through

backpropagation;
Step 3: calculate the target update magnitudes ΔWn through

Formula (4);
Step 4: update parameters.
By repeating Steps 2–4, we finally obtain converged trainable

parameters.

Memorial programming method
The memorial programming method (MP) is modified from the two-
pulse scheme18 that maintains the original scheme’s update simpli-
city and the write-verify21 method’s programming precision. As
shown in Supplementary Fig. 5, MP is composed of binary-search and
step-to-step update procedures, where the binary-search is
employed to load pre-trained weights or initial weights from existing
initialization methods to achieve enhanced training outcomes. The
binary-search procedure, detailed in Supplementary Fig. 6, addresses
the issues caused by device-to-device variation (limiting the uniform
programming parameters, shown in Supplementary Fig. 7) and
nonlinearity (posing a challenge for the linearity dependence pro-
gramming methods, shown in Supplementary Fig. 8) by only
requiring a positive correlation between the conductance and the
gate control voltage. Since the update magnitudes of parameters
during network training are generally small, we can use the voltage
position updated in the previous training step as the initial voltage
position for the current training step and update the parameters by
the step-to-step update procedure (The flow diagram is illustrated in
Supplementary Fig. 9). Cycle-to-cycle variation (shown in Supple-
mentary Fig. 10) allows the same control voltage to correspond to a
conductance range, which improves the efficiency of the step-by-
step update procedure, as only a few pulses are needed to reach the
target conductance. As the position search is only performed in the
first training step, the time cost associated with the binary search
becomes negligible when conducting hundreds, thousands, or even
more training steps, greatly reducing the complexity of using theMP.
By comparing the programming complexity in the Supplementary
Table 1, it can be observed that the MP has the same complexity as
the two-pulse scheme during network training.

Fabrication and integration of 1T1R array
The transistor array was fabricated in a commercial foundry using
the 180 nm technology node (SMIC 1P6M). The metal layers M1 to
M5 and the vias V1 to V5 were manufactured in the foundry. Sub-
sequently, the resistive layer comprising TiN/TaOx/HfOy/TiN and
the metal layer M6 were integrated in a laboratory cleanroom. The
process involved the deposition of a 30-nm TiN bottom electrode
using physical vapor deposition. Following this, 8-nm HfOy and 45-
nm TaOx were grown with the atomic layer deposition method. The
top TiN electrode was then stacked to 30 nm using physical vapor
deposition. Finally, the metal layer was fabricated via sputtering
under a suitable vacuum environment. In the 1T1R cell configura-
tion, transistors were employed to mitigate the sneak path problem
and implement precise conductance tuning, while memristors
implemented nonvolatile storage. The computing system was
designed to control the 1T1R array and conduct experiments on
neural networks. Further details about the measuring system can be
found in Supplementary Fig. 11.

Reference column mapping method
Inmemristor-based neural networks, the relationship between the real
domain training parameterW and thememristor training parameterG
is

W =Rwg ×G, ð12Þ

where Rwg is a positive number and G is a signed matrix. When con-
ductance is used to represent weights, since the conductance of
memristors is always positive, we need to representmemristorweights
by taking the difference. In our experiment, we representG as follows:

G=Gtrainable�Gzero, ð13Þ

whereGzero is the bias to keepGtrainable positive.Gzero is a fixedmatrix
in our experiments and is represented by amemristor column (called
the reference column). After obtaining the ΔG, we only need to
update the memristor parameters corresponding to Gtrainable, redu-
cing the number of parameter updates by half. Using a single mem-
ristor cell to represent signed weights means that Gmax is only half of
a single memristor conductance range, making the impact of the εcell
more pronounced.

Training configurations of the autoencoder
During the training process, the Gaussian noise with a standard
deviationof 0.3 is added to the original image as the input image,while
the original image is set as the target image. The mean square error is
used to calculate the loss and activate the backward pass. The training
consists of 1100 mini-batches, and we choose 5 points with an interval
of 200mini-batches to validate the trained results.Moreover, themini-
batch size used in the training dataset is 64.

Training configurations of SRNet ×2
During the training process, we employ the bicubic method to
downscale the original images to half of their size as the input data,
while retaining the original images as the target images for training.
The L1 loss calculates the output loss value used in backward propa-
gation. Moreover, the training involves 400 mini-batches across 4
epochs, with each epoch containing 100 mini-batches, and the mini-
batch size is 256.

Data availability
Thedatasets used for the experiments and simulations in this study are
publicly available29,49,50. The MNIST dataset is available at http://yann.
lecun.com/exdb/mnist/. The SVHN dataset is available at http://ufldl.
stanford.edu/housenumbers/. The CIFAR datasets are available at
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https://www.cs.toronto.edu/~kriz/cifar.html. Source data are provided
with this paper.

Code availability
The code used to simulate the model with EaPU in this study is avail-
able at https://github.com/LJinchang/Experiment_EaPU58. The code
that supports the experiments on memristors relies on the custom-
built measurement system and is available from the corresponding
authors upon request.
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