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ABSTRACT

Leveraging sparsity optimizes storage and computation for resource-
constrained devices in Deep Learning Neural Networks (DNNs).
While neural networks naturally incorporate sparsity through op-
erations like ReLU and quantization, diverse sparsity levels (0.2% to
99%) pose challenges for the design of computational units. In this
paper, we provide an energy-efficient GEMM accelerator named
FullSparse which is designed for diverse applications, accommo-
dating varying sparsity levels in matrix multiplication (0.2% to
99%). This paper introduces three features for nuanced sparsity sup-
port: multi-sparsity control, predictive result sparsity, and a multi-
sparsity-compatible PE array. Experimental evaluations affirm that
our implementation while ensuring adaptability to sparsity, exhibits
superior computational power comparable to the existing designs.
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1 INTRODUCTION

Deep Neural Networks (DNNs) are foundational in machine learn-
ing, excelling in tasks like image classification, object recognition,
and tracking. As mobile devices advance, there’s a growing trend
for resource-constrained devices to locally execute CNN applica-
tions, providing faster response times, reduced bandwidth, and
enhanced data privacy [4][7]. However, the computational and
memory demands of CNNs pose challenges for direct deployment
on constrained systems.

Effectively leveraging sparsity can reduce storage and computa-
tion needs, making CNNs more suitable for resource-constrained
devices. Neural networks (NNs) inherently exhibit natural sparsity,
with ReLU operations zeroing out data in activations and many
values in weights becoming zero after quantization. Pruning tech-
niques further increase weight sparsity by eliminating unimportant
data during network training. However, real-world NNs have a
wide distribution of sparsity, ranging from 0.2% to 99%, posing chal-
lenges for sparsity handling. Traditional GPU/CPU solutions with
sparse libraries like cuSPARSE struggle to handle irregular sparsity
in CNNs.

Optimizing hardware accelerators for sparsity is crucial. Recent
investigations in Application-Specific Integrated Circuit (ASIC)
accelerators [1][9][11]have focused on sparsity intricacies in neu-
ral networks. Two categories have emerged: one exploits spar-
sity in computational frameworks, effectively reducing compu-
tational power consumption but accumulating storage overhead
[3][8]. The other integrates sparsity into both computation and stor-
age paradigms [12][5][2][10], storing networks in a sparse matrix
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format to enhance energy efficiency. However, this method faces
challenges when the network lacks substantial sparsity, leading to
pronounced overhead in index storage. Designing specialized hard-
ware accelerators is key to navigating these challenges, requiring
further exploration for an optimal balance between computational
efficiency and storage considerations.

While studies have explored sparsity in Neural Networks (NNs),
understanding its nuances remains challenging. Previous research
often oversimplifies networks into sparse or dense categories, over-
looking the diverse sparsity distribution in real-world NNs (ranging
from 0.02% to 99%). Handling this diversity is a significant chal-
lenge. Additionally, studies tend to exclusively focus on storing
weights or activations in sparse formats, introducing irregularities
in convolutional operations that impact output data. This irreg-
ularity poses challenges in memory bandwidth and silicon area
overhead in hardware implementation, particularly with standard
Static Random-Access Memory (SRAM) macros.

This paper presents FullSparse, a Convolutional Neural Network
(CNN) accelerator addressing challenges in sparsity. FullSparse
focuses on three key aspects: 1) sparsity coverage; 2) storage ef-
ficiency; and 3) computational efficiency. To achieve these goals,
three innovations are introduced:

1) An online input data sparsity detector is proposed to detect
activation sparsity and dynamically switch the accelerator state
among three sparse modes. 2) A multi-sparsity-compatible set-
associative Processing Element (PE) array efficiently processes con-
volutions with different sparsity, handling irregular output data
using collision-free methods. 3) A framework with an online re-
sult sparsity predictor predicts results’ sparsity and converts data
storage formats among three sparse formats to enhance off-chip
memory access efficiency.

The paper is organized as follows: Section II discusses CNN
concepts and sparsity. Section IIl introduces motivation and archi-
tectural design. Section IV presents the online sparsity adaptor and
result sparsity predictor. Section V details measurement results, em-
phasizing the wide-ranging sparsity-compatible capacity. Section
VI concludes the paper.

2 SPARSITY IN NEURAL NETWORKS

Conv Pooling Conv Fully-Connected

Classification

Feature Extration
90%-99% of Compution

Figure 1: Typical DNN architecture overview.

Convolutional Neural Networks (CNN), as depicted in Fig 1, are
widely used for processing 2-dimensional data like images or videos.
Comprising convolution, pooling, and fully connected layers, these
networks focus on feature extraction and classification.

In Fig 2, sparsity in both activations and weights is evident. ReLU
operations induce activation sparsity by nullifying negative acti-
vations, while weight sparsity results from pruning techniques
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Figure 2: Sparsity in NNs.

[6],[13]. Training involves backpropagation, followed by the re-
moval of weights below a threshold and retraining [6]. Recent
work [13] formulates weight pruning as a non-convex optimiza-
tion problem with combinatorial constraints specifying sparsity
requirements.

2.1 Sparse Matrix Multiplication Algorithms

Sparse matrix multiplication (GEMM) relies on two key algorithms:
the inner-product and outer-product algorithms, crucial for efficient
computations.

The inner-product algorithm involves element-wise multipli-
cation and accumulation of products from non-zero elements of two
matrices. While effective in some cases, its efficiency may decrease
with highly sparse matrices, resulting in wasted computational
resources.

In contrast, the outer-product algorithm offers an alternative
approach by breaking down matrix multiplication into parallel mul-
tiplication and merging stages. Non-zero elements are multiplied
to generate partial product matrices in the parallel stage, and these
partial products are then merged to produce the final output. The
staged structure of the outer-product algorithm naturally lends
itself to parallel computation, particularly advantageous for highly
sparse matrices.

3 ARCHITECTURE OVERVIEW

In this section, we introduce the motivations and architecture of
FullSparse. The high-level architecture is depicted in Fig 3. FullSparse
utilizes a fundamental algorithm based on the outer-product ap-
proach.

Split
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Figure 3: High-level architecture overview of FullSparse.

3.1 Micro Architecture

As shown in Fig 4, the architecture of FullSparse, comprising mod-

ules such as Inst_decoder, input_buffer, Split, Multi_array, Psum_buffer,

Adder_tree, demonstrates a versatile and optimized design.
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Figure 4: Micro architecture overview of FullSparse.

The Inst_decoder provides custom control instructions for effec-
tive weight updates, feature data input mode switching, and diverse
output formats. The Input_buffer module cyclically manages ma-
trix data using concatenated SRAM modules to address bit-width
limitations. The Split module orchestrates efficient input data flow
with Preloading and Multiplication Modes, adapting to different
sparsity scenarios.

The Multi_array module, with 4096 pipelined multipliers, effi-
ciently handles pairwise multiplication in both dense and sparse
scenarios. The Psum_buffer implements scattering operation in
sparse scenarios and serves as a cache in dense scenarios. The
Adder_tree module aggregates partial product matrices, while the
Adder_array cyclically accumulates results to produce final outputs.
Overall, this architecture demonstrates adaptability and efficiency
in handling diverse sparsity scenarios.

Figure 5 illustrates the data flow of FullSparse in dense scenarios.
When matrix A is dense, the system employs a multiplication array
to compute the product of each element in the i-th row of matrix B
(64 elements) with each element in the j-th column of matrix A (64
elements). The output of each group of multipliers forms a 64x64
partial product matrix, and within a single cycle, the multiplier
array generates 64 such partial product matrices. These matrices
are subsequently processed through an adder tree to obtain the
final result.
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Figure 5: The data flow of FullSparse in dense scenarios
FullSparse.

In sparse scenarios, the data flow of FullSparse is illustrated in
Figure 6. For matrix A (with a density of non-zeros < 25%), the
FullSparse architecture employs a parallel processing strategy. Four
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feature maps (Stream Feature 0, 1, 2, 3) are simultaneously input,
with each column of matrix A restricted to receiving 16 elements
per cycle. Excess elements are deferred to the next cycle, with a des-
ignated ’finish_flag’ indicating when sparse matrix transmission
is completed. The system concurrently performs the multiplica-
tion of the four instances of matrix A with matrix B, followed by
accumulation. The final results are separated into four output ma-
trices. Subsequently, the PSUM module unfolds the sub-matrices,
and through subsequent adder tree processing, the final result is
obtained.

Weight
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Stream Sparse
Feature Matrix
0
Stream Sparse
Feature Matrix
1 1
Stream Sparse
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2 2
Stream Sparse
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3

Figure 6: The data flow of FullSparse in sparse scenarios.

3.2 Sparsity Prediction

We present an XGBoost-based system for predicting sparse matrix
multiplication outcomes. XGBoost, short for ’eXtreme Gradient
Boosting, is a powerful machine learning algorithm that combines
weak predictive models, often decision trees, to create a robust final
model. During training, XGBoost optimizes an objective function,
balancing prediction error (I(y;, §;)) and regularization term (Q( fi))
to control model complexity.

The XGBoost model is meticulously trained to predict outcomes
of multiplying two sparse matrices, achieving accuracy rates ex-
ceeding 99.9%. Leveraging this online prediction, we proactively
schedule the next data batch, enhancing computational efficiency.

4 VERIFICATION AND EVALUATION

In this section, we provide verification and evaluation measurement
results of FullSparse.

4.1 Verification Experiment

We completed the RTL design for FullSparse and conducted rigorous
functional simulations to validate the accuracy and adherence of
the design to specifications. Subsequently, using the DC synthesis
tool and a 28nm process library, we performed in-depth evaluations
of both power consumption and performance. The results of these
evaluations under the 1GHz scenario are succinctly summarized in
the following Table 1. We compared FullSparse with PointAcc and
Mesorasi, both featuring a 16 * 16 systolic array. ASIC design param-
eters are detailed in Table 2. Our implementation, while ensuring
adaptability to sparsity, demonstrates comparable computational
power to the advanced PointAcc.
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Module Area (mm®) | Power Consumption (mW)
inst_mem 0.1160778176 24.524
inst_decoder | 0.000027468 0.0147
input_buffer | 2.783731545 261.186

split 0.1113465778 69.924
mult_array 0.880477 2450
psum_buffer | 2.636772455 914.912

add_tree 2.727541013 1230

Overall 9.2599 4950.5607

Table 1: Area (mm?®) and Power Consumption.

Chip Mesorasi PointAcc FullSparse
Cores 16x16=256 64x64=4096 | 64x64=4096
Frequency 1GHz 1 GHz 1 GHz
DRAM LPDDR3-1600 HBM2 DDR4-2133
Technology 16 nm 40 nm 28 nm
Peak Performance 512 GOPS 8 TOPS 7.8 TOPS
Area (mm?) - 15.7 9.2

Table 2: Chip Parameters Comparison

4.2 Performance Evaluation

We simulate the FullSparse design, modeling operation counts and
thoroughly assessing its performance. The multi-array design, uti-
lizing a full-pipeline architecture, means that the number of opera-
tions per cycle (operations per cycle) is equal to the total number of
operations. The number of operations per second (operations per
second) is calculated as operations per cycle X frequency (f), with f
set to 1GHz for this experiment.

In the sparse scenario, we generated 5 sparsity levels spaced
evenly between 0 and 0.25. For each sparsity level, we randomly
generated four sparse matrices in each iteration and conducted 1000
tests to obtain the average total operation count. To account for
cases where a column in the feature exceeds 4 elements, requiring
input in the next cycle, the completion time for the multiplication
of these four sparse feature matrices with weights is determined by
the column in the feature with the maximum number of elements.
Peak performance is determined at the number of clocks equals to
1, and average performance considers the average over 1000 tests
with varying required number of clocks.

Examining the number of matrix multiplications of dimension
16x16 that can be completed per clock cycle (MMPC) at different
densities of non-zeros levels reveals noteworthy insights. Table
3 shows the results. In the dense scenario, one matrix multiplica-
tion is fixed per cycle. In the sparse scenario, the optimal scenario
envisions parallel execution of the multiplication of four sparse
matrices during each cycle. However, in practical scenarios, if a
column in any of the four sparse matrices contains more than four
non-zero elements, additional cycles are required to finalize the
computation. Therefore, at 25% density of non-zeros, the average
MMPC is approximately 2, resulting in a doubling of speed com-
pared to the dense scenario. At 5% density of non-zeros, the average
MMPC can almost reach 4, achieving a fourfold improvement in
performance. This speed improvement stems from the ability of
the sparse scenario to capitalize on parallel computing advantages.
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Table 3: Performance with Varying Sparsity Levels

Density of Non-zeros (%) 5 10 15 20 25 Full

Peak Computing Power (TOPS) 1.664 | 3.328 4.8 6.336 | 7.712 | 8.192

Average Computing Power (TOPS) | 1.626 | 2.9898 | 3.2185 | 3.0453 | 3.5952 | 8.192
Designed Peak MMPC 4 4 4 4 4 1
Average MMPC 3.9960 | 3.5955 | 2.5341 | 2.0238 | 1.9704 1

5 CONCLUSION

This paper presents FullSparse, a novel CNN accelerator designed
to handle varying sparsity levels in neural networks. FullSparse op-
timizes processing techniques to improve energy efficiency across
different sparsity scenarios, with adaptable modes for seamless
switching. To tackle storage overhead, we introduce an online spar-
sity prediction system that dynamically adjusts during runtime. The
reconfigurable data memory architecture efficiently accommodates
data in different sparsity states. Experimental results show that
our implementation maintains computational power comparable
to advanced designs while being adaptable to sparsity.
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