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ABSTRACT: 

 The rapid growth of Edge Artificial Intelligence (AI) applications, including IoT devices, wearable electronics, smart sensors and autonomous systems, demands 

computing architectures that provide high performance with low energy consumption. Conventional von Neumann organizations suffer from a memory bottleneck 

because weights, activations and intermediate data are repeatedly transferred between processor and memory. This paper presents an energy-efficient RISC-V 

integrated SRAM-based Computing-in-Memory (CIM) accelerator intended for Edge AI processing. The architecture combines a programmable RISC-V control 

subsystem with local feature-map SRAM, weight SRAM, an SRAM-CIM macro, input/output buffers and peripheral control circuitry. The processor provides 

programmable control and invokes CIM-specific operations, while the memory-centric subsystem performs highly parallel computation close to stored data. The 

design also considers SRAM-cell stability, sensing, write/read behavior, bit-line capacitance, routing, timing closure and technology scaling. The implementation 

results demonstrate successful synthesis and functional simulation of the SRAM design. The available power-analysis report estimates 0.073 W total on-chip power, 

consisting of approximately 0.002 W dynamic power and 0.070 W device-static power; the report explicitly identifies the confidence level as low, so these values 

are treated as synthesis/power-estimation results rather than measured silicon power.  
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1. INTRODUCTION 

Edge AI moves machine-learning inference closer to the data source. The source material identifies IoT nodes, smart sensors, wearable electronics, speech 

interfaces and autonomous systems as representative applications in which local processing is desirable because latency, energy and communication 

bandwidth are constrained. Neural-network inference repeatedly accesses weights, activations and intermediate feature-maps, making data movement a 

major system-level concern. 

In a conventional von Neumann organization, the processor and memory are separated. Data are transferred through buses or interconnects, processed by 

the computational core and then stored again. For AI workloads, the repeated transfer of operands can consume substantial energy and introduce latency 

even when arithmetic units are highly parallel. Computing-in-Memory addresses this architectural limitation by allowing computation to occur within or 

close to the memory array, reducing the physical distance travelled by frequently reused data. 

The proposed work combines this memory-centric principle with RISC-V programmability. The architecture uses a RISC-V control subsystem together 

with feature-map SRAM, weight SRAM, an SRAM-CIM macro, buffers and peripheral control. The resulting heterogeneous organization allows regular 

control, preprocessing and post-processing to remain programmable while highly parallel convolutional computation is mapped to the CIM subsystem. 

The paper is organized as follows. Section 2 summarizes the literature and architectural motivation. Section 3 describes the proposed RISC-V/SRAM-

CIM organization and dataflow. Section 4 discusses SRAM, VLSI and HDL implementation considerations. Section 5 presents the simulation and power 

results available in the supplied documents. Section 6 discusses the findings and limitations, and Section 7 concludes the paper and identifies future work. 

2. BACKGROUND AND RELATED WORK 

RISC-V is an open instruction-set architecture with a modular base-plus-extension philosophy. The source material emphasizes that modularity can 

reduce unnecessary hardware by allowing an implementation to retain only instructions needed for a target application. This property is relevant to 

resource-constrained Edge AI systems, where deeply pipelined or feature-rich processors may introduce unnecessary area and power. 

The supplied literature review discusses a range of RISC-V implementations, including Rocket, Roa Logic, ORCA, SiFive E31, SCR-1, BOOM, 

MRISCV, PicoRV32, Humming Bird, SHAKTI and related open processor projects. The reviewed processors illustrate different trade-offs among 

instruction support, pipeline depth, multiplication capability, area, power and performance. PicoRV32 is specifically described as a lightweight multicycle 

processor, whereas the proposed architecture seeks to combine programmable RISC-V control with a memory-centric compute engine. 

http://www.ijrpr.com/
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On the memory side, SRAM is selected because it is compatible with standard CMOS logic and supports fast read/write access. The thesis material 

considers 6T, 8T and 10T SRAM structures and notes that the reference CIMR-V organization uses a 10T SRAM implementation for its CIM macro. 

The selection of the cell and array organization must balance stability, sensing overhead, bit-line capacitance, routing complexity, area and parallelism. 

Prior CIM work in the supplied references demonstrates the broader potential of computation-in-SRAM and end-to-end energy-efficient AI hardware. 

The literature also highlights the importance of reducing feature-map movement, fusing adjacent operations and hiding weight-loading latency. The 

proposed architecture adopts these system-level principles rather than treating the SRAM macro as an isolated block. 

Table 1. Comparison of instruction-set architecture features. 

Feature MIPS ARMv8 Open RISC RISC-V 

Free & Open   X X 

Base + Extension    X 

Compressed X   X 

32-bit X X X X 

64-bit X X  X 

128-bit    X 

Privileged ISA    X 

IEEE 754-2008  X  X 

Table 2. CPI values reported in the supplied literature-review material for PicoRV32. 

Instruction class CPI 

direct jump (jal) 3 

ALU register + immediate 3 

ALU register + register 3 

branch not taken 3 

memory load 5 

memory store 5 

branch taken 5 

indirect jump (jalr) 6 

branch not taken 3 

shift operations 4–14 

MUL 40 

MULH [SU/U] 72 

DIV[U]/REM[U] 40 

Table 3. Implemented base-integer instruction groups supplied in the literature review. 

I-Type Load I-Type R-Type U-Type UJ-Type S-Type SB-Type 

ADDI LW ADD LUI JAL SW BEQ 

SLTI LB SUB AUIPC  SB BNE 

SLTIU LH SLL   SH BLT 

ORI LBU SLT    BLTU 

XORI LHU SLTU    BGE 

SLLI  XOR    BGEU 
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I-Type Load I-Type R-Type U-Type UJ-Type S-Type SB-Type 

SRLI  SRL     

SRAI  SRA     

JALR  OR     

  AND     

3. PROPOSED RISC-V SRAM-CIM ARCHITECTURE 

The proposed system is a heterogeneous accelerator in which the RISC-V processor forms the programmable control plane and the SRAM-CIM subsystem 

forms the memory-centric compute plane. The architecture contains instruction memory, a feature-map SRAM, a weight SRAM, an SRAM-CIM macro, 

input/output buffers and peripheral control circuits. The reference organization described in the thesis material uses a 512-Kb SRAM-CIM unit, 256-Kb 

feature-map SRAM, 512-Kb weight SRAM and an Ibex-based RISC-V core; these values are architectural reference information from the supplied 

material and are not presented here as independently measured results. 

The RISC-V core fetches instructions, maintains program state and initiates specialized CIM operations. The feature-map SRAM stores input and 

intermediate activations, while the weight SRAM stages model parameters before they are written to the compute macro. Buffers adapt the memory 

organization to the access pattern of the compute array. The CIM macro performs parallel computation and its sensing circuitry converts the array activity 

into digital outputs. 

 

Figure 1. Overall CIMR-V-style architecture showing RISC-V control, feature-map SRAM, weight SRAM, buffers and SRAM-based CIM. 

The processor-side organization in the source material also includes a single-cycle RV32IM embedded processor concept with interrupt control, timer, 

watchdog timer, AHB-Lite interface, SPI, UART and GPIO. This processor work provides the programmable embedded-control context for integrating 

the CIM subsystem. The supplied diagrams are retained below as supporting architecture figures. 
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Figure 2. Top-level embedded RV32IM processor organization with peripheral interfaces. 

 

Figure 3. Modified RISC-V core architecture illustrating instruction fetch, decode/execute, register file and CIM-related operations. 

3.1 SRAM-CIM Macro Organization 

The SRAM-CIM macro is the principal compute engine. Stored weights participate directly in the computation so that multiple operations can be evaluated 

in parallel. The source material describes X-mode and Y-mode organizations as two possible ways of balancing input and output parallelism. The 

reference organization uses 1024 wordlines and 512 bitlines in X-mode and 512 wordlines and 1024 bitlines in Y-mode. These dimensions are reported 

as reference architectural values; the simulation result itself does not expose complete macro-level resource utilization. 
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3.2 SRAM Cell and Memory Array 

The memory array uses a CMOS SRAM organization selected according to the desired compute operation, precision and stability requirements. The 

thesis considers 6T, 8T and 10T structures and identifies 10T SRAM as the reference CIMR-V implementation. Increasing array size can improve 

parallelism but also increases bit-line capacitance, routing complexity and sensing overhead. Consequently, array partitioning, bit-line loading, sensing 

and write drivers must be co-optimized. 

3.3 RISC-V to CIM Interface 

The RISC-V to CIM interface provides the software-visible mechanism for starting a CIM operation, supplying addresses or control information and 

receiving completion status. The source material identifies CIM read, write and convolution operations. A dedicated opcode can identify a CIM 

instruction, while function fields distinguish operation type and source/destination fields identify memory regions. The interface is intentionally compact 

so that instruction decoding and control overhead do not erode the energy benefits of in-memory computation. 

3.4 Feature-Map Buffering and Dataflow 

Feature-map buffering keeps frequently reused activation data close to the compute array. The supplied architecture uses input buffering and overlapping 

data blocks so that convolution windows can reuse data without repeated external transfers. Layer fusion further reduces feature-map movement by 

allowing the output of one operation to remain local when it can be consumed by the following operation. 

3.5 Convolution, Pooling and Weight Fusion 

The proposed dataflow overlaps convolution and max-pooling when the dependency structure permits. This is intended to reduce idle periods and improve 

CIM utilization. A local weight SRAM acts as a staging area so that a new weight block can be transferred while an independent block is being processed. 

This approach targets the weight-loading latency that can otherwise limit end-to-end CIM efficiency. 

3.6 Hybrid Execution and End to End Inference 

Not every AI operation must execute inside the CIM array. The proposed heterogeneous model assigns highly parallel convolutional work to CIM while 

retaining preprocessing, control and post-processing on the RISC-V side where appropriate. An end-to-end inference flow therefore includes model 

preparation, weight staging, input buffering, CIM convolution, pooling, local feature-map storage and final classification. This system-level view is 

important because a fast CIM macro alone does not guarantee low total inference energy. 

4. SIMULATION RESULTS AND POWER ANALYSIS 

 

Figure 4. Synthesized schematic of the CIMR-V SRAM-cell test structure containing two storage elements, C1 and C2. 

The results provide the directly available implementation evidence for the SRAM portion of the design. The synthesized schematic contains two SRAM 

cells, C1 and C2. Each cell has a data input, a write-control input, a common clock and an output. The visible interfaces are clk, din1, w1, q1, din2, w2 

and q2. Input buffers are visible on the external clock/data/control signals and output buffers drive q1 and q2. 
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Figure 5. Functional simulation waveform of the SRAM/CIM test structure 

The functional simulation waveform shows periodic clock transitions and changes in control, address/data, memory-enable and read/write signals. The 

supplied report states that the address/data buses assume defined values during active operations and that output/status responses change following the 

corresponding operations. These observations support functional evaluation of the synthesized SRAM structure. 

 

Figure 6. Power-analysis report for the synthesized SRAM design. 

The power-analysis screenshot reports an estimated total on-chip power of 0.073 W. Dynamic power is approximately 0.002 W, while device-static power 

is approximately 0.070 W. The report identifies the result as an early estimate with low confidence; therefore, the values should not be interpreted as 

measured silicon power. 

Table 4. Overall Power Summary Reports 

Power category Power Contribution 

Dynamic power 0.002 W 3% 

Device static power 0.070 W 97% 

Total on-chip power 0.073 W 100% 
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Table 5. Dynamic power breakdown report 

Dynamic component Power Contribution 

Clocks 0.001 W 51% 

Signals <0.001 W 1% 

Logic <0.001 W 1% 

I/O 0.001 W 47% 

Table 6. Thermal and operating information report 

Parameter Reported value 

Junction temperature 25.4 °C 

Ambient temperature 25.0 °C 

Effective Theta-JA 5.0 °C/W 

Thermal margin 59.6 °C 

Off-chip power 0 W 

Power confidence level Low 

Table 7. Synthesis-result summary 

Parameter Result 

Design SRAM-based 

SRAM cells shown 2 (C1, C2) 

Total on-chip power 0.073 W 

Dynamic power 0.002 W 

Device static power 0.070 W 

Junction temperature 25.4 °C 

Ambient temperature 25.0 °C 

Effective Theta-JA 5.0 °C/W 

Thermal margin 59.6 °C 

Off-chip power 0 W 

Power confidence Low 

 

The results do not expose complete LUT, flip-flop, BRAM, DSP, I/O or clock-resource utilization figures, and they do not provide a complete timing 

report. Accordingly, no such values are inferred in this paper. This distinction is important for reproducibility: the available evidence supports successful 

synthesis and functional simulation of the SRAM test structure and an estimated power result, but not a complete FPGA implementation benchmark. 

5. DISCUSSION 

The main architectural contribution described by the source material is the integration of a programmable RISC-V controller with SRAM-based 

computation rather than relying on a standalone accelerator or a conventional processor-memory organization. This arrangement targets the data-

movement bottleneck by retaining feature-maps and weights locally and invoking highly parallel computation in the SRAM-CIM macro. 

The architecture also separates responsibilities between programmable and specialized hardware. RISC-V remains useful for sequencing, control and 

operations that are not naturally mapped to the selected CIM precision, while the CIM array is intended for regular, highly parallel convolution. Feature-

map buffering, layer fusion, pooling overlap and local weight staging are system-level mechanisms intended to increase reuse and reduce external traffic. 
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The available implementation evidence should, however, be interpreted carefully. The power figure of 0.073 W is an estimated on-chip value from the 

synthesis/power-analysis environment, and the report assigns a low confidence level. In addition, the screenshots do not provide enough information to 

establish complete timing, area or resource-utilization metrics. The independent implementation therefore remains partially characterized in the supplied 

material. 

The design methodology is consistent with a VLSI-oriented implementation path in which SRAM-cell stability, sense-amplifier behavior, read/write 

margins, routing, bit-line capacitance and timing closure are considered together. Further post-layout characterization would be needed before making 

claims about silicon-level energy efficiency or technology-scaled performance. 

6. CONCLUSION AND FUTURE SCOPE 

This paper consolidated the supplied thesis material into a journal-oriented presentation of an energy-efficient RISC-V integrated SRAM-based 

Computing-in-Memory accelerator for Edge AI. The proposed architecture combines a programmable RISC-V control subsystem with local feature-map 

and weight memories, an SRAM-CIM macro, buffering and peripheral control. The organization is intended to reduce unnecessary data movement while 

preserving software-controlled execution and enabling parallel computation close to stored weights. 

The supplied simulation results show successful synthesis and functional simulation of a two-cell SRAM test structure. The reported power analysis 

estimates 0.073 W total on-chip power, with 0.002 W dynamic and 0.070 W device-static power. Because the report explicitly labels the power confidence 

as low, these numbers are treated as estimates rather than measured results. 

Future work identified in the source material includes optimization for lower power, reduced area and higher throughput; investigation of 8T and 10T 

SRAM cells; improved sense amplifiers and write drivers; additional customized RISC-V instructions; greater CIM parallelism; technology scaling 

toward advanced CMOS nodes; layout-aware optimization; improved timing closure; and integration of additional AI operations inside the CIM array. 

End-to-end evaluation should additionally report complete latency, energy per inference, area, memory utilization and application accuracy under clearly 

defined workload and technology conditions. 
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