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Abstract—Unstructured sparsity has emerged as a key enabler
for pruning large language models (LLMs) while preserving ac-
curacy. However, its highly irregular pattern makes it notoriously
difficult to accelerate, creating severe bottlenecks in vectorization
and memory access that prevent efficient deployment on edge
hardware with tight power and area constraints. We present
SCG, a vectorizable sparse matrix format designed to unlock
high-performance unstructured sparse matrix–matrix multipli-
cation (SpMM), the dominant kernel in LLM feed-forward
networks and Q/K/V/O projections. To exploit SCG, we introduce
custom RISC-V instructions and extend the BOOM processor
with two lightweight pipelines for efficient parallel execution.
This format–instruction–hardware co-design directly addresses
the long-standing challenge of unstructured sparse acceleration
in general-purpose processors. On real LLM workloads, our
design achieves 11.9×, 12.7×, and 13.4× average speedups over
baseline BOOM on LLaMA2-7B, OPT-1.3B, and TinyLLaMA-
1.1B, respectively, with negligible hardware overhead. Compared
to state-of-the-art sparse accelerators, it delivers up to 1.72×
higher area efficiency.

Index Terms—LLM, RISC-V, Unstructured Sparse Pattern

I. INTRODUCTION

Large language models such as GPT and LLaMA [1, 2] have

demonstrated remarkable capabilities across AI tasks but pose

substantial computational and storage challenges, especially

for edge deployment. Model pruning [3–5] mitigates this

burden by removing redundant weights, introducing sparsity

in linear layers, and converting the core kernel from dense

GEMM to sparse matrix–dense matrix multiplication (SpMM).
Sparsity can be broadly categorized into structured and

unstructured types. Structured sparsity enforces regular pat-

terns (e.g., N:M), which are vectorization-friendly but may

degrade accuracy. In contrast, unstructured sparsity has no

fixed pattern: zeros can appear arbitrarily across the matrix,

offering fine-grained flexibility and often preserving model

accuracy. However, its irregular layout breaks vectorization,

causes inefficient memory access, and severely limits paral-

lelism, creating major obstacles for general-purpose processors

and accelerators.
Existing sparse accelerators [6–9] attempt to handle this

irregularity by stacking abundant compute and memory, yet

under unstructured sparsity, they achieve low utilization and

high overhead, making them unsuitable for edge deployment.

This motivates lightweight, programmable processor exten-

sions that can efficiently handle unstructured sparsity.
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Fig. 1: Pruning in LLMs and the comparison of structured and

unstructured sparsity.

On the other hand, inference of large models involves

massive computation with a substantial amount of sparse

matrix operation, where traditional general-purpose proces-

sors exhibit low execution efficiency. Therefore, efficiently

supporting sparse computation of large models on edge de-

vices urgently requires lightweight, programmable, and highly

resource-reusable processor solutions. In this context, RISC-V

emerges as a compelling choice due to its open-source nature,

modular design, and support for custom instruction, which col-

lectively enable flexible trade-offs between performance and

resource footprint. Prior studies [10, 11] have focused on using

RISC-V to address structured sparsity issue with promising

results, whereas efficient acceleration of unstructured sparsity

remains underexplored.

To overcome these challenges, we present Shift-Compaction

Grouping (SCG), a novel vectorizable sparse format for

unstructured SpMM, together with custom RISC-V instruc-

tions and lightweight BOOM pipeline extensions. This for-

mat–instruction–hardware co-design bridges the gap between

accuracy-preserving unstructured sparsity and efficient execu-

tion on general-purpose processors.

The main contributions of this paper are as following:

• We propose a novel sparse matrix format, Shift-

Compaction Grouping. It reorganizes nonzeros into

groups matching SpMM outer-product access patterns,

enabling continuous memory access and vectorization.

• We design a set of custom RISC-V instructions tailored

to SCG, providing efficient memory and compute support

for sparse kernels.

• We extend lightweight pipeline extensions for partial

sum generation and merging, overlapping execution and



reducing intermediate storage.

• Experimental results show that, compared with the origi-

nal BOOM, our design achieves up to 16.2× performance

speedup. Compared with the state-of-the-art, it also de-

livers up to 1.72× improvement in area efficiency, while

incurring only minimal area and power overhead, making

it a promising solution for edge inference of LLMs.

II. BACKGROUND AND MOTIVATION

Insight-1: Outer product makes better use of locality in
hierarchical memory architectures. Sparse Matrix–Dense

Matrix Multiplication (SpMM) multiplies a sparse matrix by

a dense matrix. In LLMs, SpMM is the main kernel for FFNs

and Q/K/V/O projections, and it is the primary performance

bottleneck especially when the sequence length is relatively

short [12]. As shown in Fig. 2, each iteration of the inner-

product produces a single output element and consumes each

input only once, forcing cross-row gathers from B (e.g., e → g
and f → h) that hurt spatial locality and stress caches as B’s

row dimension grows. By contrast, the outer-product reuses

each input multiple times per iteration (e.g., a is reused) and

accesses B contiguously in row-major order (e.g., e → f and

g → h). This advantage becomes particularly critical in LLMs,

where the dense matrices have relatively large size.
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Fig. 2: Comparisons between two different algorithms

Insight-2: LLM matrix scales concentrate in the outer-
product sweet spot. We conduct extensive experiments on

inner-product versus outer-product SpMM in pruned large-

model linear layers. As shown in Fig. 3, red points indicate

configurations where the inner-product runs faster, and the

boundary of its advantage along the K dimension forms a

red plane. The matrix sizes typical of large-model SpMM lie

within the green box, where the outer-product implementation

is clearly faster. This observation helps explain why many

accelerators for large-model matrix operations adopt outer-

product–based kernels. For example, SpArch [8] employs

hardware-based sparse matrix compression together with a

Huffman-tree scheduler and a row-level prefetcher to accel-

erate SpMM. Spada [6] adopts a reconfigurable architecture,

where the hardware organization is determined in a profiling-

guided manner. It leverages a bitonic network to efficiently

Fig. 3: Performance comparison of inner and outer product

perform partial sum accumulation. Although the aforemen-

tioned designs achieve high performance, they rely on heavily

stacked compute and storage resources. However, they suffer

from poor resource utilization when handling matrices of

varying sizes, resulting in substantial energy overhead [13].

In edge scenarios, where both resource availability and power

consumption are strictly constrained, these architectures lose

their advantages. Therefore, there is an urgent need for edge-

end solutions that offer low power consumption and minimal

resource usage while still delivering acceptable performance.

The extensibility of the RISC-V ISA offers a promising

direction for our design.

Insight-3: Traditional sparse formats are not friendly to
unstructured sparse vectorization. Numerous sparse formats

have been proposed to reduce storage and accelerate sparse

computation, each with its own advantages and limitations.

COO explicitly stores the coordinates of each nonzero element,

which leads to excessive storage overhead and random mem-

ory accesses. CSR organizes nonzeros in row order with a row

pointer array, making it efficient for inner-product traversals,

but its row-oriented layout fundamentally mismatches the

column-oriented access required by outer-product algorithms.

CSC mirrors CSR along columns and is better aligned with

outer-product traversal, yet the irregular and highly skewed

number of nonzeros per column severely hampers vectorized

execution. ELL enforces equal-length rows to enable regular

vectorization and simplified indexing, but under unstructured

sparsity this results in massive padding overhead and wasted

computation. Collectively, these formats highlight a common

tension: optimizing for storage efficiency often sacrifices reg-

ularity needed for vectorization, while enforcing regularity

incurs prohibitive overhead under unstructured sparsity.

III. OUR DESIGN

A. SCG: Vectorizable Sparse Matrix format

Unlike traditional sparse formats, SCG is tailored to the

memory access patterns of the SpMM outer-product algo-

rithm. It compacts nonzeros within rows and aggregates across

columns, producing a structured, contiguous, and compact

layout that significantly enhances memory locality and vec-

torization efficiency.

The SCG format first compacts nonzeros within each row,

preserving their column indices required for outer-product

SpMM. Compacted elements from different rows are then ag-

gregated upward along columns to form a Group, representing

a complete or partial compressed column. Within each Group,
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Fig. 4: Illustrate of SCG format

nonzero values are stored sequentially in a val array in column-

major order, and their original column indices are stored in

a col idx array to index dense matrix rows. To recover the

original row of each nonzero, a two-level metadata structure

is employed:

• group nnz: records the number of nonzeros in each

group. If a group is full (i.e., its size equals the group

height), a special marker -1 is used. The original row

index of a nonzero can then be inferred from its position

within the group and the group number, eliminating the

need for explicit row indices.

• group idx: used only for non-full groups (i.e.,

group nnz �= −1) to explicitly store the original

row index of each nonzero element.

As shown in Fig. 4, the first column of the unstructured

sparse matrix A contains three nonzeros: {e, l, p}. For offline-

pruned weights, the matrix can be preprocessed into SCG for-

mat. A compressed column{a, c, e, g, j, l, n, p} is temporarily

treated as a single group; in practice, a column may span

multiple groups to match the vector register width. Similarly,

the second group {b, d, f, h, k, m, o, q} (green) and the

third group {i, r} (black) are generated. Nonzeros are stored

sequentially in the val array, with original column indices in

col idx. Full groups (first and second) have group nnz = -

1, allowing original row indices to be inferred from element

positions. For example, in the first group, element g at position

3 maps to the 3rd row of the partial sum matrix. The third

group is non-full (group nnz = 2), so element i at position 0

has its original row explicitly stored in group idx.

The SCG format offers several advantages: 1© Using the

special marker group nnz �= −1, SCG preserves row posi-

tions without redundant storage, improving compression ratio

and saving memory. 2© Nonzeros from different original

columns are merged into the same compressed column, re-

ducing the number of intermediate partial sum matrices and

overall storage requirements. 3© By packing nonzeros into

column-wise compact groups, the outer-product algorithm can

sequentially access the val and col idx arrays, reducing cross-

row accesses and improving cache efficiency. 4© Each group

naturally forms a vector, enabling efficient use of vector

extension instructions, reducing packing/unpacking overhead,

and improving instruction throughput.

B. RISC-V Custom Instruction Extensions

To support the proposed SCG format and enable efficient

SpMM computation, we propose a set of custom RISC-V

extension instructions. We choose 0x0b as Opcode to imple-

ment custom instructions, and employ Funct3 to distinguish

each instruction. The encoding of all custom instructions is

summarized in Table I.

• LDVALIDX is specifically designed to load the nonzero

values and their original column indices of the sparse

matrix, compressed in SCG format, into vector registers.

Since the value array and the column index array are

stored contiguously in memory, the instruction only re-

quires one input address.

• VSMV moves data from a specified position in a vector

register to a scalar register (i.e., a general-purpose regis-

ter). The aim of this instruction is to extract row indice

for accessing the dense matrix from the vector register

that holds the col idx values.

• LDPRF is responsible for loading the row data from

the dense matrix into a vector register, based on the

column index extracted by VSMV. Since a full row of

B is typically larger than the length of a vector regis-

ter (VLEN), this instruction incorporates a prefetching

mechanism. While loading the values in the range [addr,

addr+VLEN), it simultaneously prefetches the segment

[prf addr, prf addr+VLEN) into the cache. This allows

subsequent accesses to retrieve data directly from the

cache rather than fetching it from main memory.

• VSMUL is the primary computation instruction. The

equivalent expression for this instruction is: vdest[:] =
vsrc0[index] × vsrc1[:], where index is the register

placed in the Funct7 field. Semantically, it performs the

operation of extracting a scalar element within a Group

of sparse matrix, and multiplying it with a row vector

from the dense matrix, generating a partial sum block.

• STPS stores the result generated by VSMUL from the

vector register into a dedicated buffer for holding partial

sum matrix blocks, facilitating subsequent merge.

• MERGE performs the accumulation of two partial sum

blocks stored in the buffer and writes the combined result



TABLE I: The encoding of custom instructions

Instruction Funct7[31:25] Rs2[24:20] Rs1[19:15] Funct3[14:12] Rd[11:7] Opcode[6:0]

LDVALIDX / vector dest0 vector dest1 0 input addr 0x0b

VSMV index / vector src0 1 scala dest 0x0b

LDPRF / prefetch addr input addr 2 vector dest 0x0b

VSMUL index vector src1 vector src0 3 vector dest 0x0b

STPS / / vector src 4 buffer addr 0x0b

MERGE / buffer addr1 buffer addr0 5 buffer addr2 0x0b

STRES / / buffer addr 6 output addr 0x0b

back to the buffer, enabling progressive reduction of

intermediate results.

• STRES writes a fully merged partial sum matrix block

from the buffer back to main memory. The block size is

implicitly determined by the vector length (VLEN), so

no explicit size specification is required.

C. Hardware Design and Acceleration Strategy

The processor architecture is adapted to efficiently support

our custom instructions. As shown in Fig. 5(b), the frontend

pipeline is slightly modified with a decoder for the new

instructions. The main change is in the backend, where two

pipelines are extended via the RoCC interface [14] to integrate

acceleration modules efficiently. The Vector Register File

(VRF) temporarily holds input matrix data. The Partial Sum

Unit (PSU) computes partial sum matrix blocks using only

multipliers. Simple control logic handles memory requests and

VRF data access. The Partial Sum Buffer (PSB) stores partial

sums and intermediate merged results. The Merge Unit (MU)

reads two partial sum blocks from the PSB, merges them using

adders, and writes both intermediate and final results back to

the PSB or main memory.

The PSU and MU occupy two separate extended pipelines,

dedicated to partial sum generation and merging, respectively.

Fig. 5(a) illustrates the SpMM implementation using our

custom instructions. Corresponding to the pipelines, the code

is divided into generation blocks (e.g., Gen P11) for computing

partial sums, and merge blocks (e.g., Merge P11 and P21) for

accumulation. In Gen P11, the LDVALIDX instruction loads

a vector of nonzero values and their column indices from the

SCG-formatted sparse matrix into vector registers vr0 and vr1.

Column addresses are computed implicitly via simple arith-

metic on the instruction-encoded base address. The VSMV

instruction with index 0 extracts the 0-th element from vr1 into

the general-purpose register r3, identifying the corresponding

row of dense matrix B. This row index is then used by LDPRF

to load the required element and prefetch subsequent data into

cache, reducing future memory accesses. With operands ready,

VSMUL performs scalar-vector multiplication to generate the

partial sum block P11, which is stored in the PSB using STPS.

The generation of remaining partial sum blocks follows the

same procedure and is omitted for brevity.

In a conventional sequential process, partial sum blocks are

generated and accumulated serially, with total execution time

equal to the sum of generation and merging time. In contrast,

our dual-pipeline design (Fig. 5(d)) decouples generation and

merging to enable overlapping execution. During initialization,

STAGE1 generates P11 and STAGE2 generates P21. In subse-

quent stages, generation and merging proceed concurrently: for

example, as STAGE3 generates P31, P11 and P21 are merged

on the other pipeline. The enlarged view in Fig. 5(b) shows the

extended backend, where three wiring styles denote data flows

for the last, current, and next stages. While the PSU writes

P31 into the PSB, the MU simultaneously reads P11 and P21,

merges them, and writes the result back. The PSB acts as a

staging buffer, storing at most four blocks at a time (e.g., P11,

P21, P31, and I = Merge(P11, P21)). In subsequent cycles,

new blocks such as P41 and J = Merge(P31, I) overwrite the

slots of already consumed blocks to save storage overhead.

To enable overlap between generation and merging, the

Merge P11 and P21 process is implemented as a single

MERGE instruction. Superscalar processors exploit a limited

dispatch window. If merging required multiple instructions,

they could contend with subsequent generation instructions.

Condensing the merge phase into one instruction increases the

likelihood of ideal overlapped execution with, e.g., Gen P31.

IV. EVALUATION

A. Experiment Setup

Methodology: For performance evaluation, we construct

a cycle-accurate gem5 simulator [15] based on the BOOM

core [16] and extend it. The detailed configuration of the

BOOM core is summarized in Table II. For power and area

evaluation, we implement our hardware modules in RTL

and integrate them into the BOOM core. We synthesize the

extended core using a 12nm process, meeting timing at a 1GHz

clock frequency consistent with that described in [14].

TABLE II: Simulated configurations of the extended BOOM core

Baseline RV64GC, 4 ALUs, 2 FPUs; 8-way-issue out-of-
order; 128 physical integer registers; 128 physical
floating-point registers; 32KB 8-way L1D cache;
32-entry store buffer; 32KB 8-way L1I cache;
512KB 8-way L2 cache

Extensions custom-instruction decoder; PSU with 8 multipli-
ers; MU with 8 adders; 4×128-bit vector registers;
64B PSB (SPM)

Baseline: To evaluate the contribution of each component

in our work, we perform a series of ablation studies. The

baseline configuration uses the original BOOM core with the

CSC format and no custom instruction extensions. To assess
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Fig. 5: Extended architecture of BOOM RISC-V processor

the efficiency of our proposed SCG format, we replace CSC

with SCG while keeping the BOOM core and instruction set

unchanged. Finally, we enable the full configuration, integrat-

ing the BOOM core with both the SCG format and our custom

instructions, to further demonstrate the effectiveness of the

proposed instructions and hardware extensions.

To highlight the advantages of our work, we also compare

it with state-of-the-art accelerators, using Trapezoid [17],

TPU [18] and Sigma [19]. These designs differ substantially

in computational capability, target deployment scenarios, and

optimization goals, making direct performance comparisons

unfair. Accordingly, we focus on area efficiency (performance

per area), which better reflects practical value and deployment

potential in resource-constrained edge scenarios.

Benchmark: We evaluate our design using three represen-

tative transformer models: TinyLLaMA-1.1B, OPT-1.3B, and

LLaMA2-7B. These models have relatively small parameter

scales, making them common choices for edge deployment,

and they are also frequently used in pruning-related research.

The specific model configurations are summarized in Table III.

Our evaluation mainly focuses on the SpMM kernels in the

feed-forward networks and the Q/K/V/O projections, which

dominate Transformer computation [12, 20]. For benchmark-

ing, we employ the ShareGPT [21] dataset, a widely used

corpus for chatbot evaluation, with an average input sequence

length of 783 tokens. All models are then pruned using the ad-

vanced Wanda technique [4], with unstructured sparsity levels

of 0.4, 0.5, and 0.6, allowing us to assess the performance of

our acceleration strategy under realistic sparsity patterns while

preserving model accuracy.

B. Experiment results

To demonstrate the effectiveness of our design, we conduct

ablation studies to present the normalized speedup contributed

by different components of the proposed system, as shown in

Fig. 6. The custom vector register length (VLEN) is set to

8, corresponding to a capacity of eight FP16 elements, which

TABLE III: Model configurations used for evaluation

Model Layer Kernel Shape

LLaMA2-7B 1/16/32

Up proj. 11008×4096

Down proj. 4096×11008

Q/K/V/O proj. 4096×4096

OPT-1.3B 1/12/24

Up proj. 8192×2048

Down proj. 2048×8192

Q/K/V/O proj. 2048×2048

TinyLLaMA-1.1B 1/11/22

Up proj. 5632×2048

Down proj. 2048×5632

Q/K/V/O proj. 2048×2048

is later shown to be the most energy efficient choice. The

experimental results indicate that the incomplete system using

only the SCG format achieves a modest average speedup of

around 1.3× across all sparsity levels. Notably, the maximum

speedup of 1.50× occurs at 0.5 sparsity in the Q/K/V/O

projection of OPT-1.3B middle layer, demonstrating that even

without custom instructions and hardware extensions, the SCG

format alone provides tangible acceleration due to improved

cache locality and reduced metadata.

In comparison, the complete configuration demonstrates

substantial speedup across all layers and sparsity levels. For in-

stance, the Up projection of TinyLLaMA-1.1B last layer at 0.6

sparsity achieves the highest speedup of 16.2×. Furthermore,

similar speedups across sparsity levels indicate broad sparsity

compatibility. With SCG, unstructured matrices at any sparsity

are compacted into vectorizable dense arrays, so hardware

resource utilization remains stable across sparsity levels.

These results substantiate the effectiveness of our design and

highlight its strong scalability across models of varying sizes

and sparsity. The acceleration mainly stems from: 1. novel

SCG format, which groups non-zero elements and computes

row indices implicitly, reducing memory footprint and improv-

ing cache locality. 2. vectorized custom instructions, which

enable prefetching and parallel computation, thereby hiding

memory access latency. 3. efficient hardware extensions, which

overlap the generation and merge processes to reduce overall



Fig. 6: Performance comparisons between baseline, baseline + SCG, and baseline + SCG + RISC-V extention

Fig. 7: Design space exploration of VLEN

latency. Overall, the combination of format, instruction, and

hardware optimizations enables the system to achieve high,

consistent speedups across multiple models and sparsity.

As shown in Fig. 7, we explore the effects of VLEN on

performance and power. The number of multipliers and adders

in both the PSU and MU are provisioned to equal VLEN,

ensuring compute throughput matches the vector width. In-

creasing VLEN improves performance at the cost of higher

power consumption, with VLEN = 8 reaching the best energy

efficiency. Moreover, under VLEN scaling, the normalized

energy efficiency remains above unity up to VLEN = 32.

Beyond 32, the sharp increase in power consumption makes

further VLEN scaling less cost-effective.

To demonstrate the efficiency of our design in edge sce-

narios, we conducted a comparative study of area efficiency

against state-of-the-art accelerators, as shown in Fig. 8. The

results indicate that at higher sparsity levels of 0.4, 0.5, 0.6,

0.7, and 0.8, our design consistently delivers the best area

efficiency, averaging a 1.64× improvement over Trapezoid and

up to 30% over Sigma. At a sparsity of 0.3, our design is

nearly on par with the best-performing TPU. As expected and

acceptable for near-dense workloads, at the low sparsity level

of 0.2 our design does not show an advantage over the TPU

but remains on par with Trapezoid.

Fig. 8: Area efficiency comparison with SOTA works

TABLE IV: Area and power breakdown.

Component Area (μm2) Power (mW)
BOOM (baseline) 270000 31.4

Extensions

PSU 1376 0.66

MU 981 0.64

PSB 750 0.13

VRF 650 0.11

Total 3757 1.54

Overhead 1.4% 4.9%

C. Hardware Overhead

The evaluation of our hardware design is performed in

12nm technology with the frequency of 1GHz, and it is

confirmed that there is no decrease in frequency due to the

extension of new hardware. The area and power overhead

of the baseline BOOM and extra hardware (VLEN = 8) to

support ISA extension is shown in Table IV. It can be observed

that PSU and MU, the two computational units, constitute

the majority of the overhead, accounting for 63% of the

additional area and 84% of the additional power. By contrast,

the temporary-storage components PSB and VRF impose only

a small overhead under our dedicated design. In terms of total

overhead, the increases of 1.4% in area and 4.9% in power

are negligible compared with the performance improvements

over the baseline BOOM core.

V. CONCLUSION

We present SCG, a vectorizable sparse format tailored

to outer-product SpMM, along with custom RISC-V ISA

extensions integrated into an out-of-order BOOM core. The

design natively supports unstructured sparsity, addressing a

gap in prior work focused on structured patterns, and delivers

up to 16.2× speedup over baseline BOOM while surpassing

prior solutions in area efficiency with minimal hardware cost.

In future, we will extend SCG and its ISA to dynamic sparsity

and scale the design across multi-core fabrics.
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