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Abstract—Efficient edge AI demands high-precision, low-
power hardware, yet conventional RRAM-based compute-in-
memory (CIM) designs are hindered by high DC power, IR-
drop, and transistor mismatch. We propose a highly scalable 
heterogeneous A/D hybrid CIM system featuring hierarchical 
co-optimization. At the circuit level, a 4T2R1C charge-domain 
cell is introduced to eliminate steady-state DC conduction, 
achieving a 15.6× energy reduction over current-domain 
designs while ensuring MOS-mismatch-free operation and 
linear multi-bit support. At the system level, an RL-driven 
mixed-precision framework orchestrates sensitivity-aware task 
allocation between high-efficiency Analog CIM (INT8) and 
high-precision Digital CIM (FP16) clusters. By employing 
CoreMatch (spatial core replication) and CoreStream 
(temporal inter-core streaming), the framework bridges the 
heterogeneous throughput disparity to achieve a 3.3× system-
level speedup. Ultimately, this work demonstrates that the 
synergy of charge-domain computing and RL-driven 
orchestration offers a scalable and robust pathway toward 
bridging the efficiency-precision gap for sophisticated 
embodied AI applications. 

Keywords—ReRAM, charge-domain, compute-in-memory, 
mixed-precision 

I. INTRODUCTION  
 The rapid evolution of Edge AI applications, such as 
autonomous mobile robots and Unmanned Aerial Vehicles, 

demands hardware accelerators that deliver low latency and 
high energy efficiency without compromising precision[1], 
[2]. While Resistive Random Access Memory (RRAM)-
based Non-volatile Compute-in-Memory (nvCIM) offers a 
promising solution, conventional designs face critical 
hardware bottlenecks (Fig. 1) [3], [4]. Current-domain 
architectures suffer from substantial DC power consumption 
and IR-drop induced inaccuracies[5], [6]. Meanwhile, 
conventional charge-domain designs based on near-threshold 
gain are highly vulnerable to transistor mismatch and exhibit 
poor compatibility with high-precision multi-bit weights[7]. 

 To address these challenges, we propose a highly 
scalable heterogeneous A/D hybrid CIM system featuring 
hierarchical co-optimization. At the circuit level, we 
introduce a 4T2R1C charge-domain RRAM cell based on a 
voltage-division mechanism. Unlike gain-based charge-
domain designs, our voltage-division approach is inherently 
MOS-mismatch-free and supports linear multi-bit Matrix-
Vector Multiplication (MVM) operations. By transitioning to 
this transient computing mode, the design eliminates steady-
state DC conduction, achieving a 15.6× energy reduction 
over current-domain counterparts while ensuring high 
robustness against IR-drop. 

 At the system level, an RL-driven mixed-precision 
framework orchestrates the deployment[8], [9]. It performs 
sensitivity-aware Precision Mapping between high-efficiency 
ACIM (INT8) and high-precision DCIM (FP16) clusters. 
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Furthermore, it employs a synergistic scheduling strategy 
consisting of CoreMatch (spatial core replication) and 
CoreStream (temporal inter-core streaming) to bridge the 
throughput disparity, achieving a 3.3× system-level speedup. 
Experimental results show that our platform achieves 358× 
higher energy efficiency and 16× higher throughput than the 
NVIDIA H100 GPU, marking a transformative architecture 
for embodied intelligence. 

II. PROPOSED CHARGE-DOMAIN 4T2R1C RRAM CIM 
We propose a 4T2R1C charge-domain cell, as depicted in 

Fig. 2(b). The topology utilizes a series-connected RRAM 
pair (RP, RN) integrated with a high-density Metal-Oxide-
Metal (MOM) capacitor to perform Multiply-Accumulate 
(MAC) operations via capacitive voltage division. 

Unlike conventional current-domain designs that rely on 
absolute current summation, this cell operates in a transient 
voltage-domain mode. During the evaluation phase, the 
RRAM pair forms a potential divider network that charges 
the MOM capacitor to a specific voltage level. According to 
the truth table in Fig. 2(a), which defines the resistance states 
for digital weight mapping, the output voltage (VOUT) 
follows the linear relationship: 

 

 This switch-mode operation is inherently robust against 
transistor mismatch and ensures high precision. To achieve 
high-fidelity weight representation, an iterative programming 
algorithm is developed based on an HRS-stable-base strategy 
Fig. 2(d) . By fixing one device at the High Resistance State 
(HRS), the target conductance is mapped precisely to the 
other device. Experimental results in Fig. 2(e) show over 150 
distinguishable resistance states (>7 bits) . Compared to our 
previous work, this implementation achieves significantly 
lower weight mapping error across the entire target range, as 
illustrated in Fig. 2(f) . 

 The proposed charge-domain computing scheme operates 

through three synchronized phases: Reset, Multiply,  
Accumulate and and ADC Conversion,as illustrated in the 
timing and circuit diagrams of Fig. 3(a). During the Reset 
phase, the storage MOM capacitors within the 4T2R1C cells 
are fully discharged to a baseline reference to eliminate 
residual charges from previous computational cycles. In the 
Multiply phase, the word-line (WL) pulses trigger the 
voltage-division mechanism of the RRAM pair, where the 
resistive ratio modulates the charging voltage, effectively 
mapping the weight-input product into stored charge packets. 
Subsequently, the Accumulate phase facilitates passive 
charge sharing across the array rows by interconnecting the 
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local capacitors, allowing the discrete charges to redistribute 
and yield an analog partial sum. Finally, in the ADC 
Conversion phase, the integrated 10-bit SAR ADC digitizes 
the resulting analog voltage for further processing. 

 To support high-precision AI inference, a Binary-
Weighted-Accumulation (BWA) stage is implemented using 
a capacitive DAC (CDAC) shown in Fig. 3(b) . It recursively 
accumulates analog partial sums of multi-bit inputs 
according to the timing diagram. This recursive weighted-
sum logic allows the 10-bit SAR ADC to efficiently convert 
multi-bit results while maintaining high linearity . 

 The computational performance of the fabricated CIM 
macro was characterized through measurements presented in 
Fig. 4. Linear MVM operations with 8b-input and 10b-
output precision are shown in Fig. 4(a), yielding a 
normalized error distribution with a  of sigma = 2.1% in Fig. 
4(b) . A critical advantage of the charge-domain scheme is 
its superior resilience against IR-drop, as demonstrated by 
the comparison in Fig. 4(c) . Unlike current-domain 

baselines that suffer from significant Multiply-Accumulate 
Value (MACV) loss, the proposed method maintains high 
fidelity across the array. Furthermore, as shown in Fig. 4(d), 
the transition from the current to the charge domain results in 
a 15.6× reduction in energy consumption compared to 
conventional current-domain implementations 

III. HYBRID A/D ARCHITECTURE & RL-DRIVEN 
DEPLOYMENT  

 The proposed heterogeneous A/D hybrid CIM system is 
validated on a scalable multi-chip PCB platform (Fig. 5(a)), 
integrating 9 ACIM and 3 DCIM chips coordinated by an 
FPGA-based controller. To bridge the throughput disparity 
between the ACIM and DCIM cores, an RL-driven mixed-
precision framework (Fig. 5(b)) automates deployment via 
five stages: Stage 1 performs sensitivity-aware partitioning; 
Stage 2 constructs a hardware-aware Tiled Directed Acyclic 
Graph (Tiled DAG); and Stages 3-5 utilize an RL agent to 
iteratively optimize two core strategies: (i) CoreMatch, 
which eliminates the execution rate gap by replicating DCIM 
cores to match ACIM throughput, and (ii) CoreStream, 
which enables inter-core pipeline overlapping to allow 
dependent cores to initiate execution before preceding stages 
fully complete. 

 As quantified by the performance characterization in Fig. 
5(d), the synergy of these RL-orchestrated strategies yields a 
3.3× system-level speedup by maximizing the functional 
utilization of heterogeneous resources. Empirical evaluations 
using a ResNet-18 workload on the ImageNet dataset (Fig. 
5(c)) confirm that the system preserves a top-1 accuracy of 
66.3%, exhibiting negligible degradation relative to the full-
precision software baseline. When benchmarked against 
NVIDIA H100 GPU (Fig. 5(f)), the proposed platform 
demonstrates a 358× improvement in energy efficiency and a 
16× enhancement in throughput. These results substantiate 
that the convergence of charge-domain computing and RL-
driven architectural orchestration provides a robust and 
scalable paradigm for sophisticated embodied AI at the edge. 
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Table 1. Comparison results with prior published works. 
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IV. PHYSICAL IMPLEMENTATION 
 The heterogeneous CIM platform was fabricated using a 
40nm CMOS process, with die micrographs shown in Fig. 
6(a) and Fig. 6(b). The floorplans of the ACIM and DCIM 
cores are detailed in Fig. 6(c), and the chip characteristics are 
summarized in Fig. 6(d) . Power breakdown analysis in Fig. 
6(e) shows that the RRAM array and peripheral CB-ADC 
consume 63.5% and 27.8% of the ACIM power, 
respectively . For the DCIM core in Fig. 6(f), the RRAM 
array, sense amplifiers, and floating-point units are the 
primary contributors . This heterogeneous implementation 
optimizes area and energy for scalable in-memory computing. 

V. CONCLUSION 
 This paper presents a 40nm heterogeneous A/D RRAM 
CIM system integrating a 128Kb charge-domain ACIM and 
a 3Mb DCIM. The 4T2R1C cell achieves a 15.6× energy 
reduction and 286.8 TOPS/W efficiency. An RL-driven 
framework optimizes inter-core task partitioning and pipeline, 
yielding a 3.3× system speedup. Compared to NVIDIA H100, 
the platform delivers 358× higher energy efficiency and 16× 
higher throughput, establishing a new paradigm for edge AI. 
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