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Edge deployment solutions based on convolutional neural networks (CNNs) have garnered significant attention be-
cause of their potential applications. However, traditional CNNs rely on pooling to reduce the feature size, leading to
substantial information loss and reduced network robustness. Herein, we propose a more robust adaptive pooling network
(APN) method implemented using memristor technology. Our method introduces an improved pooling layer that reduces
input features to an arbitrary scale without compromising their importance. Different coupling coefficients of the pooling
layer are stored as conductance values in arrays. We validate the proposed APN on generic datasets, demonstrating sig-
nificant performance improvements over previously reported CNN architectures. Additionally, we evaluate the APN on
a CAPTCHA recognition task with perturbations to assess network robustness. The results show that the APN achieves
92.6% accuracy in 4-digit CAPTCHA recognition and exhibits higher robustness. This brief presents a highly robust and
novel scheme for edge computing using memristor technology.

Keywords: memristor, edge computing, adaptive pooling, image classification
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1. Introduction
Convolutional neural networks (CNNs) are designed to

mimic the functions of the human brain through intercon-
nected neurons, allowing them to handle complex nonlinear
systems.[1] CNNs have been widely used in computer vision
(CV),[2] natural language processing (NLP),[3] and speech
recognition.[4] However, the explosive development of edge
computing technology has increased the demand for process-
ing speed in computers and edge devices. Owing to the sep-
aration of processing units and memory, traditional comple-
mentary metal–oxide–semiconductor (CMOS) hardware plat-
forms with von Neumann architecture face obstacles in meet-
ing these growing computational demands.[5] To meet the in-
creasing demand for computational power, developing new
computational paradigms for efficient hardware neuromorphic
computing is a promising direction.

Memristors are considered one of the most promising de-
vices for overcoming computational bottlenecks. These de-
vices can perform both memory and processing functions, pro-
moting the concept of computing-in-memory (CIM). Memris-
tors have also attracted significant attention owing to their low
power consumption and high density in neuromorphic appli-
cations, including neural networks.[6–13] Among many tasks,

the combination of memristors and CNNs has proven advan-
tageous in terms of high parallelism and energy efficiency.[14]

However, previous work has mainly focused on the physical
deployment and hardware acceleration of CNNs.[15] A major
issue in implementing edge computing is the poor network ro-
bustness and limited tolerance to perturbations.[16] In CNNs,
pooling layers reduce feature size and preserve key informa-
tion after convolution but lack a biological basis. These lay-
ers, such as average and max pooling, cause significant in-
formation loss.[17] Max pooling can lead to overfitting and
does not ensure generalization, whereas average pooling sup-
presses important activation values by considering only aver-
age information.[18] Both types reduce CNNs’ ability to iden-
tify spatial relationships, decreasing robustness.

Recently, pooling-related methods have received in-
creased attention, and several solutions have been proposed.
Some approaches attempt to replace pooling layers using
large-stride convolutional parameters or transformer architec-
tures. Although transformers perform well without pooling,
they involve complex parameters and are difficult to deploy in
hardware. Similarly, using large-stride convolutions increases
parameter count and computational complexity. New tech-
niques, such as local importance pooling and continuous-time
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pooling,[19,20] aim to optimize these issues but still face chal-
lenges owing to additional training and computational load.
Novel learning-based pooling methods, such as the end-to-end
learning-based pooling (LEAP) architecture, introduce extra
backpropagation operations,[21] further complicating the sys-
tem. Thus, achieving efficient learning by considering the
interrelationships among features remains a significant chal-
lenge.

In this work, inspired by the biological self-feedback
loop mechanism (SLM), we implement an adaptive pooling
network (APN) using memristor arrays. To enhance bio-
interpretability, we simulate cortical column functions with
feature columns. Unlike traditional networks, our pooling
layer is placed only before the fully connected layer. We
tested the APN on generic datasets, and it significantly outper-
formed existing CNNs in five image classification tasks. Using
a CAPTCHA dataset with random rotations and perturbations,
the APN demonstrated superior robustness, achieving 89.6%
accuracy with a 50% dropout rate. This approach is suitable
for deployment on edge devices requiring high robustness for
complex tasks.

2. Concepts of memristor-based AP method
This study proposes an adaptive pooling (AP) method in-

spired by biological systems, where learning and memory oc-
cur through neural activity. As shown in Fig. 1, in visual

tasks, the retina converts light into electrical signals, which
are processed by the brain’s primary visual cortex. Cortical
columns, considered basic units of the neocortex,[22] encode
visual features such as color, shape, and movement. Unlike
CNN feature maps, cortical columns hold more complex in-
formation. The brain uses a SLM to adjust synaptic weights
for learning. The SLM was recently discovered in the mam-
malian brain.[23] Input signals are received by motor-cortex-
projecting (MP) neurons. These MP neurons create a rela-
tively isolated local self-feedback loop for learning the inter-
relationships among features by regulating synaptic weights,
which inspired this work. Although its mechanisms are still
under further debate and investigation, its bio-inspired proper-
ties can be exploited in certain machine learning algorithms.
Inspired by this learning mechanism, the APN, shown in the
lower part of Fig. 1, extracts features via convolutional layers,
forming feature columns that encapsulate abstract information
such as shape, position, and rotation angle. These columns
are represented as three-dimensional (3D) tensors with shared
weights to recognize the existence of visual objects and encode
their attributes. The update process will be discussed in the
following section. After training the coupling coefficients, the
memristor-based APN simulates self-feedback learning. The
output is then used in the fully connected layer for classifica-
tion and recognition tasks.

Fig. 1. The application processes of biological neural systems and bio-inspired computing systems for vision tasks, including face recognition,
object detection, and image recognition.

3. Implementation of memristor-based APN

This section first introduces the original APN algorithm
framework, then explains the algorithm simplification and
proof process, and finally presents the APN method proposed
in this paper along with the corresponding figure. Stan-
dard CNNs can generate powerful features, but they often ne-
glect modeling similar features and lack the ability to cluster
location-aware features. The APN aims to learn feature inter-
relationships, building on Sabour’s framework.[24] Firstly, we
introduce the framework of Sabour et al. and propose an op-

timization method. In Sabour’s framework, encapsulated data
are expanded into vectors, serving as input u j|i. The target out-
put s j aggregates all data u j|i using coupling coefficients ci j

s j =
i

∑
0

ci ju j|i, (1)

where s j represents the feature aggregation result and ci j indi-
cates the coupling coefficient of the i-th vector and j-th vector.
Initially, all ci j are equal, summing to 1. To ensure that the
length of the output vector is less than 1, s j is squeezed using
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a squeezing function

v j =
‖s j‖2

1+‖s j‖2
s j

‖s j‖
, (2)

where v j is the j-th output vector and s j is its input vector.
Equation (2) guarantees that the output vector direction re-
mains constant and that its probability lies between 0 and 1,
ensuring the stability of the training process.

In this work, to deploy the proposed APN scheme using
memristor technology, we further integrate Eqs. (1) and (2)
from the previous framework into

v j =
i

∑
0

ci ju j|i. (3)

This is because, when using memristor arrays for computa-
tion, normalization mapping is required to resolve the dimen-
sional mismatch between software and hardware, which natu-
rally ensures the convergence of the output vector and avoids
introducing the aggregation results s j. The specific derivation
process is as follows.

During inference, to calculate the output vector v j, the
coupling coefficient ci j is mapped to the conductance value
Gi j of the hardware memristor array, and the input infor-
mation u j|i is mapped to the corresponding read voltage Vi j.
Efficient computation is then achieved through the intrinsic
vector-matrix multiplication (VMM) of the array. Specifically,
the input u j|i converted to the corresponding read voltage Vi j

through normalization can be expressed as

u j|i−u j|min

u j|max−u j|min
=

Vi j−Vmin, j

Vmax, j−Vmin, j
, (4)

where Eq. (4) represents the normalized mapping equation
used to convert software parameter input u j|i into hardware
read voltage Vi j. The term Vmax, j−Vmin, j is the difference be-
tween the maximum (Vmax, j = 0.3 V) and minimum (Vmin, j =

0 V) read voltage. Similarly, u j|max− u j|min is the difference
between the maximum (u j|max) and minimum (u j|min) input
values u j|i. After transformation

Vi j =
Vmax, j−Vmin, j

u j|max−u j|min
(u j|i−u j|min)≤Vmax. (5)

Similar to the mapping of inputs to read voltages, the cou-
pling coefficients must also be mapped to conductance values
in the array. Specifically, the coupling coefficient ci j expressed
by conductance Gi j can be written as

Gi j =
Gmax, j−Gmin, j

cmax, j− cmin, j
(ci j− cmin, j)+Gmin, j ≤ Gmax, j, (6)

where Eq. (6) represents the normalized mapping formula
used to convert the coupling coefficient ci j into conductance
Gi j. The term Gmax, j −Gmin, j is the difference between the

maximum (Gmax, j) and minimum (Gmin, j) conductance. Like-
wise, cmax, j − cmin, j is the difference between the maximum
(cmax, j) and minimum (cmin, j) coupling coefficients. The out-
put current I j corresponding to the column output v j in the
memristor array can then be expressed as

I j =
i

∑
0

Gi jVi j ≤
i

∑
0

Gmax, jVmax, j, (7)

which represents the j-th output vector v j in software. From
Eq. (7), we deduce

Gi jVi j

Gmax, jVmax, j
≤ 1. (8)

This ensures the convergence of v j during the coupling coeffi-
cient update process.

The update process then involves adjusting the coupling
coefficients

bi j = bi j +u j|i× v j, (9)

ci j = Softmax(bi j). (10)

Here, bi j is an intermediate variable for calculating coupling
coefficients, initially set to 0. The Softmax function assigns
probabilities to bi j, determining the importance of the data in
each column. The updated equations for the optimized algo-
rithm are shown in Fig. 2(a).

By multiplying and adding the input data u j|i and the out-
put vector v j, larger results indicate greater importance of the
data in that column. A higher probability is therefore assigned
in the next iteration. Consequently, depending on the differ-
ent input feature data, the pooling coefficients are learned dif-
ferently, achieving AP. With the feedback loops established
by the above rules, it is possible to build adjustable learn-
ing mechanisms for the importance of input features and to
characterize importance levels using coupling coefficients ci j,
where more important features have larger ci j in the feedback
loop.

Initially, all ci j values are 1/i, corresponding to average
pooling. As iterations increase, most ci j become 0, with only
a few remaining nonzero, thereby realizing max pooling. The
APN allows learning hidden information among feature data,
enhancing network robustness. Additionally, the coupling co-
efficients can be adjusted based on input u j|i and output s j re-
quirements. This allows a single layer before fully connected
layers to match the size of multiple convolution-pooling pairs
without adjusting convolution stride parameters. By avoid-
ing multiple AP layers, the update cost is reduced and per-
formance degradation from overfitting is prevented.

Next, we propose a memristor-based APN methodology
using a memristor array topology. Hardware deployment of
the algorithm can enhance application scenarios in edge com-
puting. The array topology enables rapid inference with a
20 ns read pulse, accelerating the algorithm and consuming lit-
tle power. This system can serve as an edge device, handling
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complex tasks while training occurs in the cloud. As shown
in Fig. 2(b), u j|i is mapped as the read voltage to the input
buffer and then applied to the array, where column-wise ma-
trix addition is performed. Memristor array weights represent
the coupling coefficients ci j, and a differential circuit handles
positive and negative feature data operations during inference.
Also, Fig. 2(c) illustrates the circuit schematic of the training
process. The control signal is applied to the control circuit

through transmission gates, and the output vector v j is scaled

by trans-impedance amplifiers (TIAs) before being sent to the

backend for VMM and coefficient updates. After nonlinear

activation, the pulse generation module updates the coupling

coefficient matrix, continuing until the specified number of it-

erations is reached. Detailed measurements of the memristor

and peripheral circuits are available in previous research.[25]

(a) (b)

(c)

Fig. 2. (a) The flowchart of the updating process of the memristor-based APN. (b) The circuit schematic for the inference process of the
memristor-based APN. (c) The circuit schematic for the training process of the memristor-based APN.

4. Experiments and results
In the validation process, the performance of the proposed

APN is first verified on generic image classification datasets.
Firstly, a fashion Modified National Institute of Standards and
Technology (MNIST) dataset recognition task was validated
using a convolutional layer and an AP layer for feature learn-
ing, followed by a fully connected layer for recognition. For
comparison, a CNN model with two convolutional–maximum
pooling pairs (32 and 48 channels) was used, feeding the out-
put into a fully connected network for classification. Fig-
ure 3(a) shows the results over 50 epochs, with test accura-
cies of 95.95% (APN) versus 91.75% (CNN). The quick con-
vergence of the CNN model may arise from the property of
extracting important features from maximum pooling layers,
but the neglect of other feature influences prevents the model

from learning sufficient effective information to achieve higher
performance. The system performance was further evalu-
ated against reported CNN models using the MNIST, street
view house number (SVHN), Cifar10, and Cifar100 datasets.
The multiple test results are shown in Fig. 3(b), where the
proposed APN exhibits significant performance improvement
compared to reported CNN models. Notably, on the Cifar100
dataset, the model with two convolutional layers and one AP
layer achieved 65.2% accuracy, 8% higher than the AlexNet-
C100 structure.[28] Notably, the APN has fewer network lay-
ers and parameters (fewer than two convolutional-AP layers)
while achieving higher performance benchmarks, indicating
that the network has excellent feature extraction and learning
capability, enabling superior performance with a simpler struc-
ture. Table 1 lists the relevant details for testing on different
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datasets. Hardware configurations include an Intel i5-13490F
and an NVIDIA 2060Ti graphics card. Neural network simu-
lations were conducted using Python and the PyTorch library.
For the MNIST, SVHN, Fashion MNIST, and CIFAR-10 tasks,
training was performed using a single convolutional layer fol-
lowed by an AP layer and a single fully connected layer. Dur-
ing simulation, the batch size was set to 128, the learning rate
was 0.001, and the learning rate decay was 0.96. The number
of iterations was 1, 1, 1, and 3, respectively. In contrast, the
comparison algorithms for the MNIST and Fashion MNIST
tasks use two convolutional layers with max pooling, a batch
size of 128, and a learning rate decay of 0.9. Compared to
traditional schemes, the proposed APN demonstrates a signif-
icant performance improvement.

The robustness and performance of the memristor-based
APN system are further evaluated using a digital CAPTCHA-
based recognition task, as shown in Fig. 4. The CAPTCHA
dataset, first proposed by von Ahn,[29] is widely considered
a security measure to determine whether a user is human or
a machine. Each CAPTCHA image features an RGB chan-

nel with four digits, each randomly positioned and rotated
within a 45-degree range. In the CAPTCHA recognition task,
a two-level branching structure extracts multiple feature lev-
els, which are combined into feature blocks sequentially with
short connections to enhance information learning. After cou-
pling with the network weights, the feature block data is flat-
tened into the 32× 32 memristor array for the AP process.
For the APN, when the iteration number is 0, according to the
algorithm update rule ci j = Softmax(bi j), the conductance of
the pooling coefficient matrix ci j becomes identical, which be-
haves as average pooling.

Table 1. Comparison of one-epoch average training time for different
algorithms (APN and CNN) on different datasets.

Model APN CNN (Baseline)

Dataset Structure Train time Structure Train time
MNIST Conv+AP 7.1 s 2Conv+2Max pool 6.1 s
SVHN Conv+AP 19.6 s GoogleNet[26] –

Fashion MNIST Conv+AP 7.4 s 2Conv+2Max pool 6.14 s
Cifar10 Conv+AP 21.7 s VGG16[27] –
Cifar100 2Conv+AP 25.3 s AlexNet-C100[28] –
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Fig. 3. (a) Comparison of test results on the generic Fashion MNIST dataset recognition task, where the blue line represents the generic CNN
network and the red line represents the proposed APN in this work. (b) Test results of the APN (red) and CNN algorithms (aqua-green) on
different datasets. Comparison results for the SVHN, Cifar10, and Cifar100 datasets are taken from Refs. [26–28], respectively.

Fig. 4. The running process of the APN applied to the CAPTCHA recognition task.

After training, the coupling coefficients are first mapped

to array conductance values as shown in Fig. 5(a), using the

normalization computational rules of Eq. (6). The initial con-

ductance distribution is displayed in the left panel of Fig. 5(a),

obtained by applying a uniform programming voltage to the

array. As shown in Fig. 5(b), the average conductance is about
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33 µS, indicating a quasi-normal distribution of conductance
in the memristor cells. This distribution can be further op-
timized by adjusting the electrical operation parameters, en-
abling flexible hardware implementation of the memristor-
based APN. As shown in the right panel of Fig. 5(a), after three
iterations, the corresponding correlations of the AP coefficient
matrix are successfully learned for the input features.
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Fig. 5. (a) The initial normalized weight distribution and the normalized
weight distributions after three iterations in the memristor array. (b) The
initial weight distribution of the memristor array.

The CAPTCHA recognition task-based APN was first
simulated and analyzed in software, where the memristor
weight nonlinearity (NL) was modeled using Python. A CNN
model with the same structure (using maximum pooling lay-
ers) was used as a baseline (blue line) for performance com-
parison. To determine the system’s highest achievable perfor-
mance, the iterations corresponding to the highest accuracy
over 50 epochs were evaluated. The inset of Fig. 6(a) shows
the test accuracy for iteration numbers from 1 to 10, indicating
that the system performs best with three iterations, achieving
an accuracy of about 94.5%. Although accuracy may slightly
improve with increasing iteration numbers, the correspond-
ing power consumption increases accordingly. The robustness
of the APN architecture was assessed before mapping to the
memristor array, as shown in Fig. 6(b). Non-ideal array factors

and peripheral circuit conversion inaccuracies may introduce
fluctuations in coupling coefficients during mapping and infer-
ence, potentially degrading accuracy. Figure 6(b) shows that
even with noise levels up to 30% applied to the coupling coef-
ficients during inference, the network accuracy remains above
85%. Figure 6(c) demonstrates that adding a dropout opera-
tion to emulate stuck-at-zero (SA0) memristor failures during
array mapping shows that the APN maintains over 85% accu-
racy at a 50% dropout ratio. In contrast, CNN accuracy with-
out AP decreases almost linearly as the dropout ratio increases,
highlighting the advantage of the proposed system.

During the experiment, image data is processed through
convolution and then sequentially converted into voltage vec-
tors via a digital-to-analog converter (DAC) and analog switch
arrays. These voltages are normalized and then fed into the
memristor array for computation. The output current is con-
verted and returned to the computer via an analog-to-digital
converter (ADC) for prediction. In principle, by further de-
ploying the network layer weights, the data transmission over-
head can be further reduced, enabling full in-hardware deploy-
ment of the network layers. Offline learning was used to map
the pre-trained coupling coefficients with an iteration number
of 3, and the experimental results after 50 training epochs are
illustrated in Fig. 6(d). The hardware experiment achieved a
final accuracy of 92.6%, slightly below the 94.5% achieved
in simulations but still 3.3% higher than the baseline CNN’s
89.3%. Notably, in repeated tests, CNN-based models fre-
quently fail to converge due to issues arising during early-stage
training. In contrast, the APN consistently converges regard-
less of initial conditions, demonstrating superior robustness
and stability. This difference may stem from the inherent in-
stability and poor robustness of CNN models during training.

During inference, the memristor array used for VMM op-
erations is driven by a maximum read voltage pulse of 0.3 V
with a duration of 20 ns (note that the 20 ns read pulse is signif-
icantly longer than the worst-case RC time constant). There-
fore, the maximum power consumption for each inference
sample is Earray =∑u2tG= u2×20 ns×33×10−6S×4×32×
16 = 0.09×20×10−9×33×10−6×4×32×16≈ 121.65 pJ,
and the execution time of the array is Tarray = 4× 32× 16×
20 ns ≈ 40.9 µs. In addition, the DAC power consumption
varies significantly depending on its type and fabrication pro-
cess. Here, considering the use of a single DAC,[30] the maxi-
mum intrinsic energy cost for completing one inference is esti-
mated as EDAC = 12.6 mW×5 ns×8×4×32×16≈ 1.03 µJ
(0.18 µm, 8-bit, 200 MHz). Similarly, TDAC = 5 ns×8×4×
32×16 ≈ 81.9 µs (the data size processed through the mem-
ristor array is 4×32×16).

In summary, this section validates the superior per-
formance and robustness of the proposed memristor-based
APN across both generic image classification tasks and a
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complex CAPTCHA recognition scenario with perturbations.
Hardware-aware simulations and analysis confirm its potential
for low-power, high-speed edge computing. However, several
open challenges must be addressed for future large-scale de-
ployment, including mitigating the effects of device nonlinear-

ity and variations on learning accuracy, developing efficient
strategies for in-situ training directly on memristor arrays to
bridge the software–hardware gap, and co-optimizing the al-
gorithm and peripheral circuits (e.g., DAC/ADC) for improved
energy efficiency and throughput.
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Fig. 6. (a) Test accuracy corresponding to different iterations at 50 epochs. The inset shows the network test accuracy from 1 to 10 iterations.
(b) Test accuracy corresponding to different variation rates. (c) Training accuracy of the networks with (APN model) and without (CNN model)
adaptive pooling at different dropout rates. (d) Test accuracy of the networks with and without adaptive pooling (CNN model) for the CAPTCHA
recognition task under 50 epochs.

5. Conclusion
In summary, inspired by biological brain learning mech-

anisms, this work introduces an optimized adaptive pooling
method. To enable hardware deployment of the algorithm, the
pooling coefficients are replaced using memristor arrays dur-
ing inference, achieving a highly robust and high-performance
system. In future work, the system performance can be further
improved by optimizing the nonlinearity of the weight updates
as well as mitigating variation effects and other non-ideal fac-
tors in the memristor devices. This work presents a novel so-
lution for implementing memristor-based edge computing.
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