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Abstract—As deep learning models continue to scale in complexity, 

their computational, memory, and energy demands become 

increasingly burdensome, especially in applications such as 

computer vision and natural language processing. To address 

these challenges, this paper proposes a novel two-step bitmap 

compression method tailored for column-balanced, block-wise 

pruned convolutional neural networks. The proposed scheme 

effectively encodes both structured sparsity introduced by 

pruning and irregular sparsity induced by activation functions, 

thereby reducing memory overhead and data movement. To 

support this format, we design a dedicated hardware accelerator 

for bidirectional sparse matrix multiplication, leveraging the 

Gustavson dataflow and preprocessing modules to maximize 

throughput and efficiency. The system demonstrates significant 

improvements: at 50% sparsity, data transfer time is reduced by 

50% and computation time by 80%; at 75% sparsity, data 

transfer time is reduced to 25% and computation time by 85%. 

These results validate the effectiveness and scalability of the 

proposed solution for accelerating sparse inference in deep 

learning applications. 

I. INTRODUCTION

Convolutional neural networks (CNNs) are widely used in 

fields such as image classification, object detection, and 

Natural Language Processing (NLP). However, larger deep 

learning models inherently require more computational power 

and memory resources, especially in convolution layer and 

fully connected layer due to the intensive nature of matrix 

operations[1]. Moreover, redundant computations are 

prevalent in deep learning models. Take VGG-16 as an 

example, VGG16 up to 90% of multiply-accumulate 

operations involve zeros due to pruning and ReLU 

activations[2]. Thus, eliminating such operations is critical to 

improving computational efficiency. 

In recent works, matrix compression techniques have been 

widely adopted to reduce the overhead of matrix data 

movement and arithmetic operations, particularly in the 

context of deep learning accelerators. These techniques aim to 

exploit the inherent sparsity in neural network weights and 

activations to minimize memory bandwidth usage and 

improve computational efficiency. Among them, widely used 

sparse matrix formats such as coordinate format (COO) and 

compressed sparse row (CSR) are effective in reducing 

storage requirements by storing only nonzero elements along 

with their corresponding indices. 

However, while COO and CSR formats offer notable 

storage savings, they introduce indexing overhead that 

requires additional memory lookups and control logic. This 

complexity poses challenges in hardware implementations, 

where irregular access patterns hinder parallelism and reduce 

overall performance. Therefore, there is a growing need for 

compression formats that preserve data regularity to enable 

hardware-friendly access and efficient computation. To tackle 

these limitations, we propose a novel sparse matrix 

compression method for accelerating sparse inference in deep 

learning applications. A block-pruned, two-level bitmap 

encoding scheme that reduces memory traffic and improves 

storage efficiency. A high-performance sparse matrix 

multiplication method optimized for FPGAs, achieving 

reducing latency. An HLS-based hardware implementation that 

efficiently maps the design to the target platform, balancing 

speed and accuracy. 

II. RELATED WORK

During the CNNs training process, forward propagation is 

used for feature extraction through layers such as convolution, 

pooling, normalization, and ReLU. However, the presence of 

redundant weights and activations leads to excessive 

computation and memory overhead. Various pruning 

strategies have been developed to address this problem. For 

example, post-training pruning simplifies inference and 

accelerates processing [3]. In general, pruning methods can be 

categorized into two types. Fig. 1 (a) depicts an unstructured 

pruning architecture, where individual weights are removed, 
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resulting in irregular sparsity patterns that are less favorable 

for hardware acceleration. In contrast, Fig .1 (b) and (c) show 

structured pruning architectures, they removes entire groups 

of weights for rows, columns or blocks, producing more 

regular sparsity patterns and suited for efficient hardware 

implementation, Commonly structure such as N:M pruning [4] 

and column-balanced block-wise pruning [5]. 

 
Fig. 1. Structured and Unstructured sparse matrix pruning method. 

(a)Unstructured pruning (b)Structured 2:4 pruning (c)Structured column 

balanced block-wise pruning 

Moreover, a significant portion of weights and activations 

in CNNs are zero. To eliminate redundant computations and 

reduce memory overhead, recent studies have proposed 

various sparse matrix compression strategies. Common 

formats include COO, CSR, bitmap encoding, all of which 

have been employed to improve memory efficiency and 

computational performance. Beyond these standard 

techniques, more advanced schemes have been proposed to 

better adapt to specific sparsity patterns and further improve 

efficiency. Examples include compressed interleaved sparse 

row (CISR)  [6], block compressed sparse row (BCSR) [7], 

and pointer-based bitmap encoding [8] . According to Li et al. 

[9], bitmap encoding generally offers better space efficiency 

than CSR, except when the sparsity level exceeds 88%.  

Based on the above discussion, structured pruning is 

generally more hardware-friendly than unstructured methods. 

In this work, we adopt column-balanced block-wise pruning 

to evenly distribute non-zero elements across columns and 

partition weights into uniform blocks. Moreover, we 

employed bitmap encoding to enhance storage efficiency, 

which typically offers the smallest storage footprint, making it 

especially suitable for sparse matrices in computation 

workloads. Our method simplifies indexing, improves 

memory access patterns, and ensures efficient utilization of 

hardware resources by balancing sparsity with performance. 

III. METHODOLOGY 

A. Two-step Bitmap Format 

We propose a novel two-step bitmap compression scheme 

specifically designed for weight matrices subjected to 

column-balanced block-wise pruning. This method captures 

both the structured sparsity introduced by pruning and the 

irregular sparsity resulting from activation functions. As 

illustrated in Fig. 2 , the compression process is divided into 

two steps. In the first step, a bitmap is used to record the 

locations of nonzero blocks, reflecting the regular sparsity 

pattern imposed by block pruning and enabling efficient 

hardware mapping. In the second step, an additional bitmap is 

applied to further compress the nonzero elements that remain 

after activations (such as ReLU) introduce additional zeros. 

This step effectively encodes the remaining irregular sparsity 

and improves data access efficiency. 

 

Fig. 2.Two-step bitmap compressed format. 

A comparison of various compression schemes, including 

COO, CSR, and bitmap-based methods, is provided in Table 1. 

We assume 32 bits per nonzero value and 8 bits for each index 

or pointer entry, and define k as the block size, X as the 

number of rows in the matrix, Y as the number of columns, 

and S as the sparsity level. The analysis of storage 

requirements reveals that bitmap encoding typically offers 

superior compression relative to COO and CSR. Furthermore, 

the pointer-bitmap merges feature from both CSR and bitmap 

schemes delivers intermediate efficiency. Our two-step bitmap 

format developed in this study is guided by the condition 

[(1/k)+(1−s)]>1. This formula signals when our proposed 

scheme surpasses the traditional bitmap in compression ratio. 

Table.1 Comparison of storage space across different compression formats. 

Format 
Storage overhead 

Non-zero data Index 

COO 32XY(1-S) 20 ∙ XY ∙ (1 − S) 

CSR 32XY(1-S) 10 ∙ XY ∙ (1 − S) + 10 ∙ Y 

Bitmap 32XY(1-S) XY 

Pointer- 

bitmap[8] 
32XY(1-S) XY + 10 ∙ Y 

Two-step 

bitmap 
32XY(1-S) 

XY

k
+ XY ∙ (1 − S) = [

1

k
+ (1 − S)] ∙ XY 

B. Hardware Architecture 

We propose dedicated hardware architecture to support the 

proposed two-step bitmap compression format. The design 

offers high computational flexibility by dynamically detecting 

and bypassing multiplications involving zero elements, 

allowing higher sparsity to directly translate into improved 

computational efficiency. Fig. 3 illustrates the overall 

architecture. The blue blocks represent buffers that 

temporarily store data fetched from DRAM. Data is loaded 

into these buffers by the load module, and after computation, 

the results are retained until they are sequentially written out 

by the store module. The yellow blocks highlight the core 

processing unit responsible for performing sparse matrix 
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multiplications. In addition, two preprocessing modules are 

placed before the main computation to decode the two-step 

bitmap format. These modules ensure that the compressed 

data is efficiently interpreted, enabling streamlined and 

effective downstream processing. 

 

Fig. 3. Hardware architecture of two-step bitmap accelerator. 

C. Hardware Algorithm 

Our design adopts bidirectional sparse matrix multiplication 

based on the Gustavson dataflow [10], enabling efficient 

handling of sparse data through bitmap-guided filtering. First, 

bitmap entries of 0 and 1 are used to perform lightweight 

AND operations, allowing for the quick elimination of zero 

elements and reducing unnecessary computation. An output 

bitmap is generated during processing, and an index unit 

identifies positions that require multiplication. Nonzero values 

are then selectively fetched based on available processing 

elements (PEs) and computed, and the calculated results 

would be stored in the output buffer. 

 

Fig. 4. Dot-product module architecture. 

The computation proceeds as follows: The load module 

stores two-step bitmaps with corresponding nonzero 

activations and weights in the buffer. The first-step bitmap 

filters activations, which are then ANDed with the 

second-step bitmap to finalize valid positions. A sorting step 

shifts 1s downward, updates indices, and stores them in the 

buffer. According to available PEs, required indices and 

values are fetched, multiplied, and results written back 

sequentially. Fig. 4 shows the Dot-product module, which 

fetches data, performs MAC operations, and handles irregular 

positions. Switch and output buffer units ensure correct timing 

and utilization. In Fig. 4, In0 to In3 denote activations and W0 

to W3 denote weights, selectively fetched and aligned with 

bitmap-guided indices. 

D. Experimental Flow 

We selected the Xilinx ZCU104 platform to leverage its 

programmability and flexibility for our hardware 

implementation. The experiment follows a hardware–software 

co-design methodology, where C-level simulation is first 

employed to predict inference behavior and accelerate 

development. As shown in Fig. 5, the complete experimental 

flow spans software-based training to FPGA-based inference. 

First, the CNN model is trained in software and converted into 

an HLS-compatible format using hls4ml. Next, Vitis HLS is 

used to translate the C code into RTL, generating CNN 

hardware IP cores. These cores are then integrated with the 

proposed sparse matrix multiplication engine and supporting 

modules such as AXI, DMA, and decoder interfaces. Finally, 

emulation is performed on the FPGA to validate 

computational performance and functional correctness. 

1.  

2.  

3.  

4.  

5.  

6.  

7.  

8.  

9.  

10.  

Fig. 5. Experimental flow chart of hardware and software design. 

IV. RESULTS 

Table 2 presents a comparison of inference accuracy 

between the pruning method provided by the TensorFlow 

Model Optimization Toolkit (TFMOT) [11] and the proposed 

row-balanced block pruning method, evaluated across two 

CNN architectures: VGG16-Light and VGG16-Large. The 

results indicate that our method achieves comparable accuracy 

to TFMOT in both software and hardware implementations. 

For VGG16-Light, the proposed method yields a software 

accuracy of 70.9% (float) and 71.5% (quantized), closely 

matching TFMOT's 71.8% and 72.5%. In hardware, our 

method maintains 71.3% (float) and 72.5% (quantized), 

slightly trailing TFMOT. For VGG16-Large, the accuracy 

differences are minimal across both methods, with the 

proposed pruning scheme achieving 87.1% (software float), 

84.1% (software quantized), 87.0% (hardware float), and 
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86.1% (hardware quantized), all closely aligned with 

TFMOT's results. These findings demonstrate that the 

proposed row-balanced pruning strategy preserves inference 

accuracy effectively, while offering compression benefits and 

maintaining high sparsity, thereby confirming its practical 

applicability in deep learning deployments.  

Table. 2 Software and hardware comparison in pruning methodology. 

Method TFMOT pruning[11] Our study 

VGG16-Light 

Software 
Float 71.8 % 70.9 % 

Quantized 72.5 % 71.5 % 

Hardware 
Float 72.6 % 71.3 % 

Quantized 72.9 % 72.5 % 

VGG16-Large 

Software 
Float 87.9 % 87.1 % 

Quantized 85.0 % 84.1 % 

Hardware 
Float 87.1 % 87.0 % 

Quantized 86.1 % 86.1 % 

Additionally, the performance of the proposed two-step 

bitmap compression format and its dedicated hardware 

architecture was evaluated in the context of sparse matrix 

multiplication, and compared against conventional dense 

matrix multiplication. By skipping unnecessary computations 

involving zero elements and reducing memory access, the 

proposed design achieves significant improvements in both 

computation time and memory efficiency. As illustrated in Fig. 

6 and Fig. 7, the proposed sparse matrix multiplication 

accelerator outperforms a traditional dense accelerator, 

achieving computation time reductions of up to 80% and 85% 

at weight sparsity levels of 50% and 75%. 

 

Fig. 6. Speedup ratio comparison with GEMM in weight sparsity 50%. 

 
Fig. 7. Speedup ratio comparison with GEMM in weight sparsity 75%. 

V. CONCLUSION AND DISCUSSION 

In summary, this work combines column-balanced block 

pruning with two-stage bitmap compression to speed up 

sparse matrix multiplication and improve deep learning 

inference efficiency. The method reduces memory usage 

while maintaining accuracy and can be applied to CNNs and 

Transformers. Future work includes further optimizations and 

evaluating scalability on ASICs, GPUs, and cloud AI 

accelerators for efficient AI hardware. 
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