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Abstract—Embodied Self-Supervised Learning (E-SSL)
enables intelligent agents to autonomously adapt to changing
environments without human annotations, a key requirement
for real-time, edge-based autonomy. However, conventional
computing architectures suffer from energy and latency
inefficiencies due to frequent data movement, impeding on-
device learning. To address this, we present an 8Mb learning-
aware RRAM-based Compute-in-Memory (CIM) accelerator
tailored for E-SSL. Fabricated in a 40nm process, the CIM chip
introduces two significant innovations: a Two-Stage Analog
Weight Programming (TSAWP) unit for fast, precise, and
relaxation-mitigated device conductance programming, and a
Neural-Optimized Gradient-Aware Programming Scheduler
(NoGAPS) for lifetime-aware, adaptive programming. The
proposed chip achieves 10.2x improvements in programming
speed and 11.7x system lifetime improvement compared to
conventional schemes. Deployed on a quadruped robot for
terrain adaptation, the system demonstrates 347x higher
energy efficiency and an 8.7x reduction in latency compared
to GPU baselines, showcasing robust, low-power, real-time
online learning in dynamic edge scenarios.

L. INTRODUCTION

Embodied self-supervised learning empowers intelligent
agents to continuously adapt to dynamic environments using
self-generated feedback. By eliminating the need for human
annotations, E-SSL is a crucial enabler of long-term autonomy
in edge scenarios [1]. However, conventional von Neumann
architectures hinder efficient hardware implementation of E-
SSL due to excessive data movement, causing high energy
consumption and latency unsuitable for power-constrained,
real-time edge scenarios. RRAM-based CIM architectures
offer a compelling alternative by performing computation
directly where data is stored, dramatically reducing data
movement. With intrinsic parallelism, low latency, and high
storage density [2], RRAM CIM is well-aligned with the
demands of E-SSL. However, several limitations have
prevented its practical adoption in applications like E-SSL: (1)
Slow analog conductance programming during weight updates
limits continuous learning and inference capability, (2) RRAM
relaxation effect leads to computational accuracy degradation,
and (3) Limited device endurance restricts system lifetime
under frequency weight updates [3]. These challenges pose
critical barriers to real-time, on-chip learning with RRAM
CIM (Fig. 1a).

In this work, an 8Mb learning-aware RRAM compute-in-
memory accelerator is fabricated using the 40nm foundry

process, featuring two key innovations: (1) Two-Stage Analog
Weight Programming for rapid, precise RRAM conductance
tuning and relaxation mitigation; (2) Neural-Optimized
Gradient-Aware Programming Scheduler to balance weight
updates, enhancing RRAM lifetime and system efficiency.
These innovations enable the first demonstrated RRAM CIM
accelerator tailored for E-SSL, supporting real-time model
updates directly on edge hardware (Fig. 2). The proposed chip
achieves 10.2x faster programming and over 11.7x system
lifetime improvement compared to conventional schemes.
Tested in a quadruped robot performing terrain adaptation, it
delivers 347x higher energy efficiency and 8.7x lower latency
relative to GPU baselines, demonstrating effective, robust,
low-power online learning in real-world scenarios.

II. TWO-STAGE ANALOG WEIGHT PROGRAMMING
UNIT FOR FAST AND PRECISE WEIGHT TUNING

Fig. 3a shows the integrated TSAWP unit, which combines
a self-terminating module, clamping circuit, and 12-bit SAR-
ADC for on-chip analog conductance tuning with over 8-bit
effective precision. The programming flow in Fig. 3b has two
stages: (1) Self-Terminating Coarse-Grained Programming
(STCP): TSAWP monitors the programming current and
automatically stops the pulse to adjust conductance to a coarse
range quickly. (2) Low-Voltage Fine-Grained Programming
(LVFP) then fine-tunes it to the target value Gfina using low-
voltage pulses. Conventional RRAM programming faces trade-
offs (Fig. 4a). One-Shot programming offers high speed by
utilizing the access transistor for compliance, but suffers from
low precision due to device variation. Write-Verify (WV)
enhances precision using read-verify loops at the cost of speed.
To address these issues, we propose STCP, which mirrors the
programming current and compares it to a reference,
terminating the pulse once the target is reached (Fig. 4). This
approach combines One-Shot speed with near-WV accuracy.
As shown in Fig. 4b, STCP reduces conductance variation by
~75% vs. One-Shot. STCP enables fast and accurate coarse
tuning and simplifies the subsequent fine-tuning. As shown in
Fig. Sa-b, in the WV method, the total pulse duration required
to program an RRAM device increases with the conductance
change AG = Gurget - Go. By applying STCP first, the
conductance is rapidly brought close to the target, significantly
reducing AG for LVFP (Fig. 5b). This results in fewer write
pulses and higher efficiency of the LVFP phase. For 8-bit (256-
level) programming, TSAWP achieves ~3x speedup over the
conventional WV approach. The RRAM relaxation effect post-
programming correlates with the conductance change during
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the last pulse (AGias), Where a larger AGry induces greater
relaxation and degrades accuracy (Fig. 6b). TSAWP mitigates
this effect via STCP in the first stage, constraining conductance
near the target (Fig. 6a), thereby reducing AGi.s before fine-
tuning. The second stage, LVFP, uses low-voltage pulses to
minimize the conductance change per pulse. Compared to
conventional methods, TSAWP significantly lowers AGyas (Fig.
6b), suppressing relaxation. As depicted in Fig. 6¢, TSAWP
reduces the relative deviation (RD) at 10%s by ~52% and delays
relaxation onset by over 100x.

Fig. 7a-b shows rapid conductance convergence during
STCP and the conductance fine-tuning in the LVFP stage. Each
STCP range is divided into 16 fine levels, yielding 256 states.
Fig. 8a highlights TSAWP’s programming capability across
RRAM cells, demonstrating accurate weight distribution and
strong cell-to-cell uniformity. The mean error remains under
2% at 10% s post-programming (Fig. 8b). With 3x faster speed
than conventional WV and 100% longer retention, TSAWP is
well-suited for E-SSL applications.

III. NEURAL OPTIMIZED GRADIENT-AWARE
PROGRAMMING SCHEDULER FOR RRAM-BASED CIM

As shown in Fig. 9, uneven gradient distributions in NNs
create three key challenges in RRAM-based CIM: (1)
Imbalanced write time: A small set of weights (~5%) dominate
updates, slowing overall programming; (2) imbalanced
precision: rarely updated cells accumulate relaxation errors;
and (3) imbalanced endurance: overused cells wear out early,
risking failure. To mitigate gradient-induced imbalance, we
propose NoGAPS (Neural Optimized Gradient-Aware
Programming Scheduler), comprising a Wear-Leveling Unit
and an Adaptive Programming Configurator (Fig. 10).
NoGAPS uses on-chip row/column counters to track write
frequency, periodically swapping 'hot' and 'cold' rows/columns
for even wear distribution. These same counters also guide the
dynamic tuning of programming parameters. Infrequently
written cells receive stricter settings (e.g., lower voltage, longer
delays) to improve precision and suppress relaxation, while
frequently updated cells use loose settings for speed. This dual
strategy balances speed, precision, and endurance, boosting
efficiency for RRAM-based NN inference and online learning.
Fig. 11 shows that NoGAPS reduces total write time by up to
5.1% by selectively relaxing constraints for frequently updated
cells. Fig. 12 demonstrates that NoGAPS still maintains
Vector-Matrix-Multiplication (VMM) accuracy over long-term
weight updates, matching TSAWP and mitigating relaxation
issues seen in conventional Write-Verify. With the strategy
summarized in Fig. 13, the combined NoGAPS+TSAWP
approach achieves up to 5.1x faster programming and a 71.4%
reduction in accuracy degradation compared to conventional
methods. Without wear leveling, imbalanced gradient updates
in neural networks cause specific RRAM cells to endure
excessive write stress. As shown in Fig. 14a, the most
frequently updated cell undergoes up to 2.6x10* writes—nearly
30x the average—leading to failures and degraded array
functionality. NoGAPS addresses this by periodically swapping
hot and cold regions to redistribute write load. This wear-
leveling mechanism reduces the maximum write count by

12.4x, significantly extending device lifespan. Fig. 14b
confirms a much more uniform write distribution, effectively
mitigating endurance bottlenecks in RRAM-based inference
systems.

IV. IMPLEMENTATION OF E-SSL ON PROPOSED LEARNING-
AWARE RRAM COMPUTE-IN-MEMORY ACCELERATOR

Based on the proposed learning-aware RRAM compute-in-
memory accelerator (Fig. 15) and test platform and application
verification system (Fig. 16), we implemented a real-time E-
SSL Traversability Estimation system (Fig. 17). The neural
network model deployed on the RRAM CIM accelerator
processes the visual input from the robot dog’s onboard camera.
During operation, self-supervision signals are generated to
drive the learning loop, enabling the model to adapt online to
complex and unseen terrains, facilitating real-time, robust
navigation.

Fig. 18a validates the system’s learning under dynamic
situations: during indoor—outdoor transitions, the system
undergoes a short adaptation phase and learns new
environmental features. Fig. 18b shows the online adjustability
of RRAM conductance during learning. Fig. 19 analyzes the
accuracy under abrupt environmental changes. Results show
our RRAM-based E-SSL system can quickly recover and
maintain high accuracy after environmental transitions,
outperforming non-adaptive baselines. NoGAPS ensures
system endurance. As shown in Fig. 20, Linear extrapolation
indicates a >10x improvement in lifetime, alleviating lifetime
concerns under intensive online learning workloads. TSAWP
and NoGAPS also reduce the average programming time per
learning cycle to 1/10 of that of conventional methods (Fig. 21),
minimizing interruption during inference and enhancing system
availability. Our chip can achieve a 347x improvement in
energy efficiency and an 8.7x reduction in latency compared to
GPU platforms (Fig. 22).

V. CONCLUSION

This work presents the first 8Mb RRAM CIM accelerator
designed for efficient on-device E-SSL. To address the
inefficiencies of conventional computing, the 40nm chip
features two innovations: The TSAWP unit for fast and precise
updates, and the NoGAPS for extending hardware lifetime,
adaptive programming. The design achieves over 10x
improvement in both programming speed and system lifetime
compared to conventional methods. Deployed on a robot, it
demonstrates 347x higher energy efficiency and an 8.7x
latency reduction versus GPU baselines, enabling robust, real-
time online learning.
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