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Abstract: Deep learning has emerged as one of the most important algorithms in artificial intelligence. With the
increasing application scenarios, the hardware scales for deep learning are becoming larger, and the
computational complexity has considerably increased, leading to a high demand for energy efficiency in
accelerating systems. In the post-Moore’s Law era, new computing paradigms are gradually replacing process
scaling as an effective solution for improving energy efficiency. One of the most promising design paradigms is
approximate computing, which sacrifices some precision to improve energy efficiency. This research focuses on
different design layers of deep learning acceleration systems. First, the algorithm characteristics of deep learning
network models are introduced, and the research progress on quantization methods is presented in view of the
approximate computing scheme at the algorithm layer. Second, approximate circuits and architectures
employed in various directions such as image and speech recognition in the circuit-architecture layer are
surveyed. Furthermore, the current hierarchical design methods for approximate computing as well as critical
issues and research progress in Electronic Design Automation (EDA) are investigated. Finally, the future
direction of this field is anticipated to promote the application of a new paradigm of approximate computing in
deep learning acceleration systems.
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2.1.3 EEFHEMLE

PIEAE M 4 (Fully Connected Neural
Network, FCNN)&—#1 £ Z&4Hl. CNN, RNN,
LSTM&G IR B2 > M 2 8 7 Bk T A1 e 48 I 4% 1
. R a ML, & ZMEHKE—
T RARRR — R A R R . AR AE RIS O 78
gy, AMEH T RZH R, HRHENELZ, HH
I KRB D, AR IR S M
ke IUR, TR 4y R a5 R
2.2 REFIEHNEN

FEIRE 5 2] (R Ik SE IR =y e X7 1HT, &4k
(Quantization) & & A A RO )2 A8 A A Bl vt 45
TIEZ — o BAL R LUK G /b s Ar s, BEmAE
RS a s AT S R I SRR S 0 DN SR VA A1 R =
T,

W25 5 B S RV 58 b 28 W) 45 1| 5 5 kAT
AP STHER[32)MISTHR[33] 70 4t 1 6
AR (B /N /3 R) A 0] R A SR S B v s TR0
SCHR [34] 4 H 38 aok PR A ¥ L sl 2 4 DR 5 2
Wi BB W E B E SRz, JCRR NG ORET
PUNSEREE o SCHBR[35) 0 M ER EAT B R AL, LUK
ATT A B &S AU AP K. SCHR[36]
T DA AN [ A7 5 I B b 2, IR 45 R 4 A
K sh A AL



3100 M7 5 F

SO 4 ERLE

Wb B S0 RIK A R il N BB 2R g )|
SRy, F AL N T A AT HERE, 1M
B ) YR HATS R P m AT 07 SCR[38] 48 T —
R TR AL SN GRS, AR RIS N T
BE P BUE AT R ERAE, (R3S 0 28 B TRKE 52 454
R AT AR R LT S I AR AL A B R A A0S {8 &
o SCHR[391FRMH, BUEFIBGE(E /N T2 bithl, )
A LLSE I SRS T 2 W 4% . SCRR[40] 42 H 44 0
DoReFafillZkJiik, MERH1ZME)E /2 FhhEL
At Fr A7 1580245 IR AT K S A7 9, [ IS S v A
F I A rpOus B B AR AT EE A

TAEA AR VR S ATV,
WARTHES 56 F I T RA{0, 1}i{+1, -1} 3Kk
PIFRZE 2% . SCHR[41) AT bit BUE RS (E Y —(E
PR 28 SEILT RS FE R, R B T
254% . SCHR[42) K CNNALE AL A 1 bit, SEHLT AR
RVH S IAE, RN o SOR EEBURAE2% LN . 3
BR [4:3] 1 1) 15 = PR A TR ACE AL N 1 bitfr
Wi B8 bithr T R4 73, AHEL16 bitfor vk
FERRR3A LA

ATCAE 2 A A SRR 2 T e R RS
SO E, O AEAE BT AT B T b v SRR T ) fE
RS, g v B A i s, ot e
RERR B2 S I R G g it 7 A 1 3
3 AT EAEREFIMEB RS R

Rz F

T AESRAPZE 28 Ik R 48 B4 4 FPGA, ASIC,
GPUS R AEM b T RE LI LY, G Z
L5 R BERCT AT SN Wiz, OB BT
S LA B A I R IR ISR TS v Be A =TT
RZ—

3.1 JEiAmERR SiA U RIERR

T2 ) 255 (R BB O, e e AL SR it
FICHDIFERITIARL, Gk, ek, DO
By, e ZMETC, TIPS R 2% s BE R
At DL BRI RN £ 2 —. RGHMIE
USRI, TRAER R GOR LUK AN, 3k
IR IIRERL S THIARPE A A
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—FRCKE L 2R AR AE IR N (Low Latency
Approximate Adder, LLAA)FYEIIFEINTEAS (Low
Power Approximate Adder, LPAA), LLAA—f
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Adder II, ETA-IN)"7, 15U 5 N5+ (Approximate
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