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Convolution &8I 1) 43 Z 1 B (%)
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2 63.44 65.53 Memristor-based GRU[20] 2.18 1.36 1.23

3 63.72 75.53 Ours (full precision) 1.26 0.58 0.56

4 68.28 90.14 Ours (16 bit) 1.57 0.62 0.52
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Design of Lightweight Gated Recurrent Unit Network Model
Based on Memristor

HUA Honghu XU Jia ZHANG Bohao WANG Wei
LI Zhiwei LIU Haijun

(College of Electronic Science and Technology, National University of Defense Technology,
Changsha 410073, China)

Abstract:

Objective With the slowdown of CMOS technology scaling and the inherent memory-computation separation
in von Neumann architectures, traditional computing systems face critical bottlenecks in processing increasingly
large-scale data. Memristors, which offer high integration density, fast switching speed, and inherent synaptic
plasticity, provide a promising pathway to overcome these limitations. Their crossbar arrays naturally support
vector-matrix multiplication in the analog domain, enabling energy-efficient in-memory computing. Among
sequential data processing models, the Gated Recurrent Unit (GRU) network has emerged as a key recurrent
neural network variant, demonstrating superior performance in time-series tasks such as trajectory prediction
and audio recognition. However, conventional hardware implementations of GRU networks suffer from frequent
data movement between memory and processing units, leading to high energy consumption and low
throughput. Although memristor-based GRU implementations offer significant advantages in energy efficiency
and computational parallelism, the large parameter size and high weight precision of GRU networks impose
substantial hardware costs and reliability challenges when deployed on resource-constrained memristor arrays.
Furthermore, device non-idealities, including conductance fluctuations and nonlinear modulation, can
substantially degrade model accuracy. Existing memristor-GRU solutions lack comprehensive consideration of
these device imperfections, and current quantization methods treat weights and activations uniformly without
accounting for their distinct hardware implementation constraints. This paper addresses these challenges
through a hardware-algorithm co-design approach.

Methods This paper proposes a lightweight memristor-based GRU network model. A 1T1R (one-transistor-
one-resistor) memristor crossbar array is adopted for weight mapping and analog multiply-accumulate (MAC)
operations. To accommodate signed weights while memristor conductance values are strictly non-negative, each
weight is mapped to a differential pair of positive and negative conductance matrices. The linear mapping
between trained weights and memristor conductance values is defined through a transformation formula
involving scaling and offset factors. To address the distinct hardware implementation requirements of weights
and activations, a fusion quantization method based on performance analysis and device awareness is
introduced. Specifically, symmetric quantization is applied to weights mapped to the memristor array, as the
zero-centered quantization range simplifies write-driver circuit design by eliminating the need for zero-point
storage and computation. In contrast, asymmetric quantization is employed for activation values, which are
computed in peripheral circuits without involving online memristor state programming, thereby preserving the
dynamic range and minimizing quantization error. To mitigate the impact of memristor conductance
fluctuations, a weight noising training mechanism is incorporated into quantization-aware training (QAT).
Gaussian noise, with intensity determined by the device variation parameter, is injected into quantized weights
during each forward propagation. This approach acts as a strong regularizer, guiding the model to converge to
flatter loss landscapes and learn robust features insensitive to weight perturbations. The straight-through
estimator is used for gradient backpropagation, enabling updates to full-precision floating-point weights while
noise is dynamically sampled in each forward pass.

Results and Discussions On the public UrbanSound8K dataset for urban sound classification, the full-precision
proposed model achieves 93.94% classification accuracy. After applying the fusion quantization method, the 6-
bit quantized model maintains 92.68% accuracy, with only a 1.26% degradation despite an 81.25% reduction in

weight precision (Table 1). This performance surpasses that of comparison models including Dilated



10

BT 5 fF B % M HxE

Convolution (78.00%), LM-MFCC+GRU (92.00%), TFFS-DNN (88.74%), TFCNN (93.10%), and CL-
Transformer (92.95%) at their full-precision settings (Table 2). When evaluated under noisy input conditions
with signal-to-noise ratios ranging from -10 dB to 10 dB, the 6-bit quantized model exhibits comparable or
superior robustness compared to its full-precision counterpart, demonstrating the effectiveness of the fusion
quantization approach (Table 3). Analysis from storage, hardware, and device feasibility perspectives indicates
that 6-bit quantization reduces weight storage from 5.6 MB to 1.05 MB, achieving an 81.2% compression rate,
with only 2.8 million memristor cells required based on the 1T1R mapping scheme. Regarding robustness to
device non-idealities, weight noising training significantly improves performance under conductance fluctuations
(Fig. 7). When the device variation range reaches 14%, noising training improves accuracy from 82.97% to
91.14%; at the worst-case variation of 28%, it improves accuracy from 54.23% to 87.01% (Fig. 7), confirming
that the proposed training strategy effectively enhances model adaptability to memristor imperfections. On a
self-constructed true/false trajectory dataset, the model achieves 97.35% accuracy at full precision and 96.51%
at 6-bit quantization, with only a 0.84% degradation, outperforming the Dilated Convolution baseline at
equivalent quantization levels (Table 4). Furthermore, to demonstrate generalization across diverse sequential
tasks, the model is evaluated on lithium-ion battery state-of-charge (SOC) estimation using a public dataset.
The 6-bit quantized model achieves root mean square errors (RMSE) of 1.48%, 0.79%, and 0.74% at
temperatures of 0°C, 25°C, and 45°C, respectively, outperforming the existing memristor-based GRU
implementation and showing consistent superiority across all evaluated quantization bit-widths of 6 bits and
above (Table 5).

Conclusions This paper presents a lightweight GRU network model tailored for memristor-based hardware
deployment. Through device-aware fusion quantization and weight noising training integrated with QAT, the
model maintains high classification performance while achieving substantial memory compression and
robustness to device non-idealities. Experimental results across multiple datasets and tasks confirm that the 6-
bit quantized model retains competitive accuracy and demonstrates stable performance, providing a practical
solution for deploying GRU networks on resource-constrained memristor-based edge computing platforms.

Key words: Gated Recurrent Unit (GRU); memristor; network model quantification; urban sound classification
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