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Abstract: With the rapid development of deep learning technology, convolutional neural networks (CNNs) have dem-
onstrated exceptional performance in image recognition and processing tasks. However, as the network depth increases, the
massive transmission of intermediate data imposes tremendous pressure on the on-chip memory and memory access band-
width of hardware accelerators. The increasingly prominent “memory wall” problem has severely constrained the overall
throughput and energy efficiency of the system. To address this issue, existing inter-layer feature data compression methods
are mainly divided into two categories. The first category focuses on lightweight hardware implementation: despite low area
overhead, their compression ratio is limited by algorithm complexity, making it difficult to effectively alleviate the off-chip
bandwidth pressure in high-throughput scenarios. The second category pursues superior compression performance, but in-
curs excessive hardware area overhead, which is hard to deploy on resource-constrained edge devices. Aiming at the above
challenges, this paper proposes a statistic-aware hybrid compression method for CNN inter-layer feature maps, with the core

design goal of achieving high compression ratio and low hardware overhead to resolve the difficulty in balancing compres-

Wi H 11 :2026-02-14 5 5 H :2026-03-19 5 5744 22 : 3R
A R



% 6 T R A BT (E AR R T 46 ) B 22 X 2% sk i 2427

sion performance and resource consumption. By deeply exploiting the sparsity and distribution characteristics of the data,
this method realizes hardware-friendly data coding combined with a hardware-software co-design mechanism of “offline
analysis-online compression”. In the offline analysis stage, statistical analysis is performed on the CNN inter-layer feature
data to generate the required coding tables and baseline values. In the online compression stage, the feature data are classi-
fied into zero-value data and non-zero-value data. For zero-value data, an enhanced zero run-length encoding combined
with entropy coding is adopted; for non-zero data, dynamic baseline-delta encoding is applied. This differentiated coding
mechanism reduces the hardware area overhead by 58.7% to 72.9% while maintaining a high compression ratio, which
solves the problem of high hardware complexity in traditional compression algorithms.We conduct a systematic evaluation
of the compression performance of the proposed method under different network structures and data formats, based on com-
pression experiments on inter-layer feature maps of four representative CNNs: AlexNet, VGG16, ResNet34, and Mobile-
NetV2. Experimental results show that, compared with similar studies, the proposed data compression method achieves a
maximum improvement of 58.5% in compression ratio under the INT8 quantization format, and a maximum improvement
of 36.7% under FP32/FP16 formats. When deploying the VGG16 model on the ALINX AXUSEV target platform, the accel-
erator based on the proposed data compression method reaches an inference throughput of 242.8 GOPS. Compared with the
compression-free baseline architecture, the computing performance and energy efficiency are improved by 41.4% and
27.8%, respectively. The experimental results demonstrate that the proposed method balances the compression ratio and
hardware overhead for CNN inter-layer feature map compression, and provides a new solution for the design of CNN accel-
erators in resource-constrained edge scenarios.

Keywords: field programmable gate array; convolutional neural network accelerator; hardware accelerator; interlayer
feature map; data compression
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Table 1 Character encoding table
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Figure 8 The statistical chart of the fmap values of the second layer of

VGG16
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Figure 10 Compressor architecture diagram
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Figure 11 Decompressor architecture diagram
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Figure 17  Accelerator deployment process
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Table 4 The influence of the bit width of difference storage in FP32

formats on compression rate

TERLAFAE RS
CNN
1 2 3 4
AlexNet 2.703 2.863 2.920 2.873
VGG16 2.309 2.426 2.440 2.368
ResNet34 2.006 2.104 2.092 2.027
MobileNetV2 1.714 1.784 1.783 1.729
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Table 5 The influence of the bit width of difference storage in FP16

formats on compression rate
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Table 6  The influence of the bit width of difference storage in INT8

formats on compression rate

TR B L fHf
CNN CNN
1 2 3 1 2 3 4
AlexNet 2.579 2.703 2.689 AlexNet 5.086 5.391 5.034 5.012
VGG16 2.229 2.318 2.268 VGG16 4.350 4.568 4.198 4.076
ResNet34 1.955 2.026 1.957 ResNet34 3.786 3.972 3.948 3.826
MobileNetV2 1.680 1.727 1.677 MobileNetV2 3.448 3.589 3.556 3.484
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Table 8 Comparison before and after applying compression algorithm performance

7k DSP i FH 4~ ti/GOPS 159 B (GOPS/DSP) IkE/W AERLELI(GOPS/W)
TG 592 171.74 0.29 3.84 44.72
JE 45 592 242.82 0.41 4.25 57.13
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Table 9 Comparison with GPU and ASIC performance

i GPU ASIC FPGA

Ity NVIDIA RTX5000%" SCHRI9] SCHR[10] AL
TAESR/MHz 1350 200 800 200
Fit4E/GOPS 39.67 220 371.6 243
IHE/W 83.2 0.651 0.045 5 4254

REAL LLAGOPS/W) 0.48 340 8170 57.13

10 R AR SCBE T i oE 45 5 H A 3 F FPGA (1)
TR A5 PR RE XS Lo I BR AT 5 22 s, AR
SCE TR R S AL AR A IR R RR . 53X
HRL30 A, HoR U0 B i K 8 B R AR JRRAR T
DRAM i [n] , {H I 7k 45 R R BAK, S B0 % IO
ARSI 61%, RERL LA ALY 83%., SCHK[ 17 ]38 12 17
2k 24 1 55 KR A R B T T PE R R (H kB SR
i FH T K DSP B2 U5, S5l Ha T 5% A O AR SO
T1% 5 )45 RERL EL TR T2 200 A s i, (L JF st 12 9% 5 2
N J AR S 1F PE S 4248 £ Ak i 52 311 4 - U

o SCHERI31IRAZIFR I it = HE S 2
[ETR e e 7oy = 7 o = R ATV S B S P S B S R RS
PEAT 4 , TEATA 2 B i = T AR ROR AZ [, 1A
5 RE AL HL 4y 3l R AR SC 1) 89% A1 76% o SCHK[ 32 ]
B X 7 B SO R 1 Pk s B 2 i Ty v L HL R A Rk
PR 55 H A% H1 2 58 5 2%, BEAL AU A SCHY 65% o
g R A SO g 1 DSP T A XL AL
) J2 ) 50 T 4 B B i 2 FH R, e 3% B S e
BT T B TR BT R AR IR AZ B SR TSR T
AR M L5 A HERE -
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Table 10 Comparison of accelerator performance

mkgty | mEra | O ke | R | osplgn | e | TRy | B

MHz GOPS (GOPS/DSP) (GOPS/W)
CHK[30] ZCU102 250 8 VGG16 1015 256 0.25 5.38 47.56
CHik[17] VX980T 150 8 VGG16 3395 1 000 0.29 14.36 69.64
SCHRI31] VX690T 180 8 VGG16 2115 753.2 0.36 17.41 43.26
SCHik[32] ZCU102 200 8 VGG16 1061 410 0.39 11 37.24
AL ZUSEV 200 8 VGG16 592 243 0.41 4.254 57.13

5 ZEig comparison on image classification[C]//2022 IEEE 8th In-
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