5542 % 4 0 0] IR KRFFR Vol. 42 No. 0
202545 A Journal of Guangdong University of Technology May 2025

T5E, DR

&, XA, S5 LT HUR S IR AR BRI AR IR AR [I]. AR Tk K 22244, doi: 10.12052/gdutxb.250056.

Yu Xueang, Luo Jingsong, Liu Bosheng, ez al. The hybrid precision convolutional neural network accelerator based on block floating point[J]. Journal of Guangdong
University of Technology. doi: 10.12052/gdutxb.250056.

ETHRFRBRESHBESIRMEML RS

FTEH, Fd, A, K4
J7RTAKREE WHEHLEER, T4 )7 510006)

W (AR E 5 3] F AARAY 2 W 45 (Convolutional Neural Network, CNNER! ¢ R & &, i+ 5 5 425 Frf - TR 0N
FHRA T AT AR O T2, AR T —A K T3-F & (Block Float Point, BFP)#) A L AR H T,
(Hybrid Processing Element, HPE), % /Li8 i3 4% A 4k 513 5 4 22 23 (Digital Signal Processor, DSPYX A5 469 & K &
(Look-Up Table, LUT), #4-#4B4T LR, ARFEM T HAL T AR L L0y, Ziitad R F ik
INTAABFP8 AP it AR, REREG T MR FEART AR 4, 82 R AU, HPEAMLA RO
(INT4#4=BFP8)it JAL X B, A8tk T A f%3t, LUTA=3 45 & (Flip-Flop, FF)& 48 23RV,  EARARF IR AL R 80 o
AIEE T 123.40%A958.16%. ol BiTHIEIT @R, HPEK H Fnik bk IME S5 ik 69245, MAMRHA T HE
Ms. RIGFER AR F T i AT BRI A F %, BATZOERAR)D, HAREEESECGHEAH
BAMACHY RS SMESF

KR Bt 5, ABAVZE ML, RAOMWE, HFEFAEE, Bk

hE 535 TP391.4 HRFRERD: A XE4RS: 1007-7162(2025)00-0001-07

The Hybrid Precision Convolutional Neural Network Accelerator
Based on Block Floating Point

Yu Xueang, Luo Jingsong, Liu Bosheng, Wu Jigang
(School of Computer Science and Technology, Guangdong University of Technology, Guangzhou 510006, China)

Abstract: With the continuous development of convolutional neural networks (CNNs) in deep learning,
computational complexity and hardware resource consumption have become the significant bottlenecks limiting
computational efficiency. This paper proposes a hybrid processing unit (HPE) based on Block Floating Point (BFP) ,
which optimizes the design of the convolution computation unit in the hardware architecture by replacing the
traditional Look-up Table (LUT) with DSP and employing data packing techniques. This design enables flexible
switching between INT4 and BFP8 computation modes, significantly improving computational performance and
reducing hardware resource consumption. Experimental results show that, when using a hybrid precision (INT4 and
BFP8) computation mode, HPE significantly reduces LUT and FF overhead, with hardware resource utilization
efficiency increasing by 123.40% and 58.16%, respectively, compared to the baseline. Furthermore, the data
packing techniques enable the HPE to achieve 2% higher throughput than the conventional implementations. This
study provides an efficient hardware solution for deep learning acceleration, with broad potential applications,

especially in deep learning tasks requiring high computational efficiency and resource optimization.

Key words: block floating point; convolutional neural networks; hybrid precision; digital signal

processor; hardware accelerator
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Table 2 Comparison of hardware overhead with baseline
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