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Implementation of low power BSPE Core for deep learning

hardware accelerators
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Abstract

In this paper, BSPE replaced the existing multiplication algorithm that consumes a lot of power. Hardware resources
are reduced by using a bit-serial multiplier, and variable integer data is used to reduce memory usage. In addition, MOA
resource usage and power usage were reduced by applying LOA (Lower—part OR Approximation) to MOA (Multi
Operand Adder) used to add partial sums. Therefore, compared to the existing MBS (Multiplication by Barrel Shifter),
hardware resource reduction of 44% and power consumption of 42% were reduced. Also, we propose a hardware
architecture design for BSPE Core.

ko

9_]:

B =foA BSPE+ o] ®o] AR 7|E9] #A4l daug]lES thAlldlth Bit-serial MultiplierE ©]-&3l sh=4o] =}
A& E9lon, mRe ALEFS Fol7] 913 7HEAR A Fy o dolHE ARE-ghrh w3k Fa -5 Uske MOAMulti
Operand Adder)°] LOA(Lower—part OR Approximation)Z %]-&34 MOAY A AFg-2 2 A& 23S o) uleha
7% MBS(Multiplication by Barrel Shifter) .t} dt=9o] x93} A& o] Z}2; 44%9}F 429%7}F 7+~ 3c). =3 BSPE CoreE
$13+ hardware architecture designg A|¢ratt}.

k]
=
2

Key words : Deep Learning, quantization, BSPE, LOA, Qverlapping Computation

| A= WA Zatd A el o EeAcl S Y]
A5 o] B s JeH5I6I7).

Yo SneFe] ATk s o FoAWA  muped mi X cluhelxolA Wl o} Fe)
YT FMIFS o EF o FANME F oM FYSIlE I FAHel Ack FE
& Woksh FAAN BEHT ATk ASAEC] F slolel 2ol GAReI, A ALgo] Ao 9l
2 AMgete tutelzst PCAA mulAE olFet  oh md, dEda dde] A@elA rov A

*Dept. of Computer Eng., Seokyeong University

#*Dept. of Electronics and Computer Eng., Seokyeong University

* Corresponding author

E-mail : namkh@skuniv.ac.kr, Tel : +82-2-940-7667

% Acknowledgment

Manuscript received Sep. 18, 2020; revised Sep. 27, 2020; accepted Sep. 28, 2020.

This work was supported by Institute for Information & communications Technology Promotion(IITP) grant funded by the
Korea government(MSIP). (No. 2016-0-00204, Development of mobile GPU hardware for photo-realistic realtime virtual reality)
This is an Open—Access article distributed under the terms of the Creative Commons Attribution Non-Commercial License
(http://creativecommons.org/licenses/by—nc/3.0) which permits unrestricted non-commercial use, distribution, and reproduction
in any medium, provided the original work is properly cited.

(895)



220
Aekgel Hed FuEe FAsrldE Pl
2t

g9t 2o @APS FuAs 8 4§ h=s)
of 7H&71el 7k Fwe Ags L Ak Held

AL st=9o] 714 7]+= GP-GPU(General Purpose
computing on Graphics Processing Units)H.t} =}
A v A ZE& AAR7E Fol EutYd =
AA| Hutol el Hely ofFe Aol d S Fast
7)ol A &strt.

2 =l E AdEoR gy g
&)3l= BSPE Core& Attt} BSPE Core Wi
o = m7l¢] BSPE7} o] Hol m7ie] dlo|H &
o] 43l MAC <14hs 33 Attt BSPE&
Bit-serial Multiplier[8]Z 7|¥to. 2 7|E 9o FA &
AP ES A g

H9ed dagFe 54

ol

o =90
=l el e

=

=
T
=

= gk
ot webs, |
=9 71& 7]l A MOAE °F 69% % X}X]
—E%—J MOAE Hed duegEF9 4

gL k=9 o Z}OJ—J AR
g MOAS®] A7 &
43 BSPE Core®ll /\1—4 }1%

hardware designsS A ¢+3kt},

MAC d4ke] &
Zlo] &

A
<
5

0

rl

. =&

1. Deep learning basics
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Table 2. Used parameter on this experiment.
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Table 3. Synthesis result of BSPE Core.
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