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Abstract  Recently neural networks have achieved the great progress in speech recognition, computer vi-
sion, natural language processing, and other fields. More and more neural networks are deployed in em-
bedded devices such as mobile phones and cameras, which are relying on batteries or solar energy as their
power supply. However, neural networks consume a large amount of storage resources and electric energy,
limiting their application on resource-limited platforms. Therefore, both of the academia and industry pay
attention to the high energy consumption problem of neural networks. Neural network lightweight method
can effectively reduce the number and the precision of parameters and simplify the calculation to optimize
energy consumption of neural networks. In this paper, we introduce the basic ideas of neural network en-
ergy consumption estimation and neural network lightweight methods for energy optimization, and we
summarize the primary research achievements of the field in recent years. Moreover, the challenges and fu-
ture research trends in both aspects are put forward. The neural network energy consumption estimation
methods are categorized as measurement methods, analysis methods and estimation methods. The neural
network lightweight methods for energy optimization include pruning, quantization, tensor decomposition
and knowledge distillation. We summarize four research directions for the further research. First, an energy

consumption model needs to be established to adapt to all neural network schemas. Secondly, the balance
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between the accuracy and the energy consumption needs to be considered in the neural network lightweight

methods. Thirdly, lightweight methods that can be generalized for hardware platforms need to be

implemented. Finally, lightweight methods that are able to limit searching space need to be developed.

Keywords neural network; energy consumption estimation; energy consumption optimization; neural

network lightweight
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ALY, RRUEANRRER; ton] DAiEfT AR5
ErE Sy, i AR, T A 4 AN TR 5
T X G2 B ASORE B 4 A BT 7 A ) — SR B A T i

Han % ANPHE T —Rh LA & 55 % 4 13k
SER ALY Ay, RPETUE A BIE, B8 AL T
B/ MR ERE. HeAh, X T BT A R 1Y R0 26 K5
PR A ()0, A 2 E1 B I 25 ) 45 70 (fine-tune ) 8 4%
LA TR 5 A B SClRE e SOk B A
PR B — A T R RS . SR
X RIS 4% AlexNet FlI/NEI R 4% LeNet-5 254 MU
TARIF R AR, 3 3P A S50 M 240MB
M1 1720KB JE45%] T 6.9MB il 44KB. W4h, &5 5
# AlexNet il VGG-16, 7£ CPU. GPU Fl#£3)] GPU
TK1 I REFE A BIREAC T 7 £5% 3.3 f5F1 4.2 1.
UERA T B Ay ] DA K R B P 4 P 485 . P Ak I 45
Fe. Zhu 5 A\PUR A ZMRERE T — SR E
JEE /N A T 19 A o 5 A o 3 s 2 15 B A AL
. CENEER S BUE I, ERBERE N
B H bR A 5= 1k TR

55 7 I LA A (E Ry A o Y B R R TR
Yang % NPILIRERE MAnifEds SOy REd R, fEFE L
PR T —FhREFEMN O, HLME T RUZ 1Y AR
SRJE IR PE REAEAL B 25 RE By ReFE B = 0 2. 1By 7
PSR TAESSML, Wl W, ARS8 L
SR TFBEMAE. )5, ERERE i,
3 /N e R R R A B — 2 AR, P A gk
22 i)y MK 4 SR AT . W BT s ik 1 31
AlexNet, GoogLeNet 1 SqueezeNet [ [ 5L H0
WS R LS RERE A BIREAR T 3.7 f% . 1.6 fi5 A0
1.3 5.

bR TIEBTRLEE , A — S8 5 B AE X bl & ot ik
7 ARG M AL BB 5 . Hu %58 A B BMOs (E0ET T
B8, It A& BY F YA EE 500 4R 8 3T U1 25 I 5.
Tt LeNet Ml VGG-16 FHSCE R, %7k HE 5L
B2 B 3 AR AR, IF A AR

VL EJ7 ik AR A A B BY 7 i, X ST vk
RARMFHARIW R, HEERSSHEPIIAT
KER 2, TERA T ZAEI T 0T o8
R AR, PR LT — kg
AL BT R 0 5k, SRR 2T BT, B
FH P 22 X 2% Hh (1) 18 18 %X (Channel-Wise Pruning) . Ji
/L CNN Hh BB 5 (Filter-Wise Pruning)%s. 45#91k
() B A 5 Wk AN 5 B 25 5 R A A A2 RIDAT S 0 4
H, HR THAA SR RO, B RRRES, KNI
S TARLE M AL BT AL, HX AR 1Y frG 5 -t BT K

Singh %5 AP H LUSEAS BB 35 A% BT 1Y
SRR B BT VR 1y ik S D UE A BY A AR
B A R A AR e 2 . H 3 I I e B AR
Yoty H bR SE B A 5 H /b, BY R R il 5
R ) 2 25 45 T BY AR %, S B ) 450G B B KAk
XA VGG-16 IS EE G T 175 £F,
FLOPs ¥t /> 1 6.43 4%, I H A AR
P, T RS NPT A6 B s X K/ i
GRZWEEN, B INEEEN SR, 245
BT VGG-16 IS B> T 13.6 1,
KA 0.45%.

Molchanov 45 AP 5 A X G J AR
B3y it B b LUZS R TT s e, PEAN 25 i A HREAE
] 08 2 pRE R AR Ak, 18 BY 4552 1) Je /N I REAE 5]
TEAN B AR AE B 3K B E 0 B A& 35 HbR (an A7
H#) Z A Ja 45 1R 3R X VGG-16 B4 S50
H, ORERRIE R/ IME B B T AR A ) 66%, GFLOPs
B /NN RN 37%, FEANEAY GPU B SCEE T fie i
2.5 fEryns. (Bl FEBRE R, ST 6.3%I1)
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Bl

A2,
&

i 2023 4E

TOP-5 ¥ REfR. Zaad 1 (fine-tune) J5 A% Pk &2 3]
87%, AIFEAE 2.3%BME BEMR . AN T BT B
TR, s BSR4 AE P o i 5 ol 5 A H A
B BRI T /N, B 208 MobileNet-v3 FE4i T 3.6 £,
FEEEBUR R 4.2%.

U EANTRITEEITE R AR, 5w
Ul R BE 24 > A8 ST RS . Hey 5 AP
AR T RE BTG, SEEL A R AR
R A0 B A2 = v B TR B A 1 R WA R 1k
PR R R RS R, Gl 2 FLOPs FIUER %1%
FERIE. SEE R, R TR A ) 0O
MobileNet-v1 T 45 1.4 4%, HiE i 0.2% 45 BE 45
g, BARBCA VAL REFRE, (H i /NI S 4
AR TH 3 T DAHEIT %07 TR AE R AR 2% REFE
EABRMWES. SCEIRETEBY TR AR 2 1
AT IE NS SHR DT MR, 4504 16 M 18 5T R
K&, 76 YOLOV3 Esige kW], i kae =
BomE46 9.54 1%, FIREEYI{E(mAP , mean Av-
erage Precision)ii 2k 2°4 0.063.

R AR 228 I 2% YA AR DG 9 EE AR TR AEAS IR
P2 | JEIR ML AT, (H R AT 22 300
BIAH ARG A Transformer FAIBFIEL T Transformer
i) BERT F A1,

Gordon 25 AP T —Fh4 %t BERT W 45 (1JE
SERIA B R T, %W ST N R AE B 2R B B 4G BY
30%2 40% A E AN 235 i 9 2% b BT AT 55 1Y
PEfE. Sanh 25 ANFOSA N LUK ER /N b o B B 4%
HIRCRA T T, PR T —Fh DA 5 2
SYAAR UE AR LS AL By A DT R I T AR R AR
PERG AT 55 S v, BB ZC 18 57 21 AR Y 10%,
HERL T 1.5%000 B i k.

Yu AR —F U ZREENENEEN
KR BTART AR BT A T i, ARl KL B
(Kullback-Leibler HUE), {58y 8 M AR 1=
%, EERERB IR AR LG, FEME5Y DeiT-B Bl
M SEE T, BYALJS AURERISCIRZY 3 5N, HaE K
0.25%1PRE FEE 2. Fan 28 A2 H Y LayerDrop J5
LRIFEXT 2T T 25 A AR BY , IFAE AR TR
HE O T RIIE T M ZAE BT 5 i PERE. UERT T AR
D) £ 4 LR A1) /N B - O 2% J2 T RE ).

42 2

o AN IO 28 A v (1 R BE S Bt B IO
FESH, WIB/INS BN TE 0 M B i AR . i fk
X G — A BSOS (A, AR A7 58— A L4

2 i, 8 sk 16 fidE. wfkid =@ s, Hip
Xore WAL HTAIME , Xquantizea N HEALST BIMH. Xecare 14
AT, I SEGE LTS A3 E . Xeero_point M T
ARRIT O {EXF R A A5 B, Ak AR T %k
PEAAAE SR AR 28, AR T 5, B
I 22 W 4% 3517 fiE

Xpre = Xgpale X (Xquantized - Xzer07 point)
B max(Xpe) — min(Xpe)
- max(xquanti zed) ~ min(xquantized )

— S SR R A RO = A B ) — £
Courbariaux % NWHEH T —A “EHALAI# 2 M 4,
P RUE AR E (1 5i-1), (P& 2%
Fb 32 (0K BE A IZ8 BEAR T 32 5 A7 /N7 7]
ok, JF Hal e T EA M WA R 2 AR IZ
B R i a, R BEFER KIREEREL. Guo %
N T SRR B 5 i e 2, S 8 A
EFIIE B 5, KRR = T 16 f5.

T3 A B SRR XS AR IO LR AT T AN [R) R B
k. Cai 5 AWHACH, w45 MABUE AT LU 2k 2
WA L HBHE R, MO E R A T 2 AR R A
e M 4B 17 R0, L Cai 45 NN AUE
LB T 4 6. ARG, R T ROEEA M
AR SRE ., I TiEE, AT 0.78%8
RERERI. B4, Mishra 25 AUORSR R, BRI
T NS 32 L B3 AT ASUEDHG 2 ) A5 TR 5 114532 Wi B
K. RO (B Ak 5 A7 58— FRONS = TAUE, LA
PR UE AR TR 206 2R RIE fff B ) 717, Baskin 45 A 70
BUEFIOE(E 53 3 i A6 5] 4 A2 A1 8 i, 4% MobileNet
JE45 T 8.05 f%, top-1 MG FEHI N 2.2%. Elhoushi 55
NS 5l S AR R e B T ik, FE ISR
e ST AR e Al e LRSS RNAT 5 B AR e
PACEMESEZ S M UAT. 7F GoogLeNet I JE44)5
FEEEREARBA WA, TERRIR T2 9.7 f5HEFE. Cao 55
NN T —Fp g by ik, FEE A e Lt
i QLR IR Y =y O & AV = N B T S e
T3 VR ARG LU AR I 2 b 0l g 1 AR 11T 151
PR B, A LR s AR B 5| 5 R ks A A
POHERE, 4 T AR S e R AR, B RRAIR
e AE

2% D) 24 g J2 1 TC A% B R B B AR A TR T
B4 K BE (Mixed Precision) & fkifF— 2 314 5 — 2
EZEM, XS -2 T AR R E &1k, Wang
NP T — A T fh 2 2] 19 [ 3h i A 48
HAQ, Vig— R SarE Nty , BB BEAE

“

Xale
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HJil ok i 2 e A AL R WS . 5 1R A 5E (8 ) s AL AT
Fo, IZHEZRRRAR T 1.9 AAREFEA 1.95 A5 ASER , K
BEARS T DL 2 AT, 255540 45 NPT T R 45
R TN oR ST 5 B B 7 58, sl 1Ak I 260
VGG-19 M RG22 EREZ 0l R] 9 7
8 A B AR A5 R HE

X R (DR B T ety >R 1 I 4% A T B 1)
[A] 51, Mishra %5 A USVEL M T 56 JlOKS BE R 28 (Wide
Reduced-Precision Networks, WRPN). % /7 &%
TS E B R RE , (H i — Pl i 2
BRI KL, SRRb 15 T 3 AT X 8 o 2 3 7Y
k. i, BT 4 ALEOEE R 2 AZALE Y ResNet
1 GoogLeNet 18] FRLAR A, 7045 B Kiaa 42 Ay Jit )
KPR Z 5, MRS EEREAE , IR SR
TR JER Y 39%F1 38%. XS T 2K L 4%, FE i
K EE M 28 7E ASIC I RERL AT LASR ey 2-3 1.

B TALRAR S H RS B, AU S 2 Al )y
R — R AR SRR 2B /MR AL
FAE T — AR RS, o A R R4 A
K. Han % N ARSI RS 1 4% Sl k (2R
KM IR R — R A R 2L, W BLOER
— 2Ry A @y A R W TR AT
it AT O RO, I8 2 s 49 A B s 9oL
BN 32 FFRAKE] S5 7. SRR, KA
LeNet-5 Irfs (025 ] i 1 33 £, H AR M 25 1
Wk, It R, LA LLSE AT A . SRAM
b, MRS VIR B/ DRAM, {715 W 48 7ERS shise %
iz AT I AN RE.

AN, S WA A IR AL EOR G| Trans-
former fl BERT A7, 33X AR b il S8 Fi T
WA RZHCk AT Lk AER B Zafrir 55 AP
$EH T BERT W% &1k 77 7%——Q8BERT. Q8BERT
i X AR G M T 0K BERT W T 1 &5 822
I Embedding J2BUE IR (E LA 8 £, SEHnZ
WL, QSBERT HMAIELE T 4 £, SALSHEN
REEMLA 1%. Shen 25 AP I N HAKE Hessian
FERE 1S 1 M 28 2 S HO0 AR T R, TR S
AEE. TRET Hessian B TIRABE S
16774 Q-BERT. e B, %0754 BERT JE4i 1
2313 i, WERRRBARTE 2.3% LA, R0, N T i
Softmax ., Layer Normalization, GELU [J#A/ERS &,
AR A VR A s S S A B R i R R
oz 5. Kim 55 AP s g wfl, fifs
Transformer A5 74 1] DL 8 75 £ X B 5z L1k i ik

B L, SRR R EEES R Eik =
PP AE B R Gs FOE U7 s, RSl T
4 F5 BB NN , R 3 B B K. B R UL THT ] e
FEMY Transformer BRI AL T5 1%, (ATE /NS4t FI
fAi Ak BT H R R A R T B R RE M T AL
43 SKREDHR

TESCEUJZTE, P2 45 1) 42 34 45 2 N6 R 30
HoRKEIE . HBEUZ RS BT LI — A
KFHBUZ TR . A T8 BOR i H A T8 500 DU 2
sk, BEE REAEEE TS, AR A A
Y i LR RO RS BB il K v A Tk B A
LA 5K A e B LA AT 3 i, s b 2 K0
MR, FRICHEHLREAE.

Kim 2 AP T 4 R4 R 45 7% one shot.
W5 W25 45 K 4 R BE R . Tucker 20 . A =4~
#84r. Tucker it FE WX G, K RK/ANHK
DxDxSxT )ikt K 43t K/NA DXDxRyxRy.
SxR; Al TRy 1 =A ik i, b Ry, Ry ik
B DI AE B . S5 R R, IROT R
AlexNet Fil GoogLeNet [ 43l SEHL T 2.72 f%5F1 1.42
FERIINGE, LAK 3.41 5501 1.60 fERURERETTE. Rk
UKEE ANPTETF BRI AL 5, 1T Ak
sk . Hoh, BT S8R A sh ik
Tucker 73 f# B IETE LeNetS FSEELT 25 4 509 i,
KRR 0.44%.

Ry Ry
Kijst = chi,j,r3,r4u S{Ut(‘:z &)
ry=lr,=1

Tensor-train 43—~ B 45K &40 o 24—
Ak E L. Tensor-train Z3fifid F2 n=X(6) Ui, Hip
A e R WX XN NESTS Gk e R MTeXTi [y =Ty -1,
PN 5K i 2 (R AT 46 9715, Huang 25 A\ PPURT Deng
FENPVRBIFET tensor-train ZMFZIT IS, Huang
28 N\ D815 1ot ke o o it R 40 AR O T4 A AT
FREFETR L BETH N &%, A1 3D CMOS-ASIC M H, 52
BT 1.283 fEAYMEREFETH AN 4.276 f5HIREFE 1T . Deng
2 NP g — 2 M I ORAL T tensor-train A% X A
M. AR EZHAR IR tensor-train 48 2UFE
e AR T A M TR TR, Bilan, XTI EEE A
R B B AR R e R X, 7RI R X st
BT B3 R TP A A A R A R R TR T B B IR,
Deng % NP T —Fp 2L tensor-train A% 204k
PRTZE, SCER T RIE B BEIC BRI, THBR T OUAY
IR SCER R, ok s o T Ol 1 R 4
5 Eyeriss!" I L, %0058 25 75 75 nk 5 I RE RO 1 40
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A2,
&

i 2023 4E

MG T 24 3.61 £5F1 5.01 5. Tjandra % A% 4
AT M W e RMN gl gk, I O i A Y K
W e R MXmoxxMgxmxnyx. xNy = S [ 4 [fh , Hrhp M=

d d
Hmk , N= an. Z JAfdi ] tensor-train J5 %0 il
kel k=1

k. 7 GRUSY Fs2ab B, 1205 Bob 4% R
457 139.82 4%, HIEMR T 0.28%AKE Sk, H A
T FRA A 22 ) 25 REFE.

AGxGx G

(6)

Ma 22 \1521%+ Transformer F%U fif
( Block-Term Tensor Decomposition, BTD) .
ST LLEAE SR CP 43 A1 Tucker 43 Y45 &
SEARE CP 4 fif sk it 43 A ol P AN BRI AL BB
WITAFAAT Tucker 3. 78 20 T BHIPE R B B A S
R, Z I ER LB Transformer 2508 R 4545 1
fis B S RE B, AR B3 7 AR AR - b [ AIG
T Transformer PR 245, AR T UL AL w48 9 2%

b
He

R T YT
Yo

UM ] Sofimax (1=) F———

w@%}—[:

S M }—D

4.4 HIIRZKIE

T B X GRS AT 55 T B AR
BRI YN LR, X BT H AR 5o BN R
=R R e ey e A [N RS S
XS RIGE R B2 J T K, W I A A 2 )
TR IR A BEFEANAT EL B A% B ER . MR R
CRR R EERAE T g 7 vk Bl i 25 R B 2 i
TS PO 4% 155 S D11 2R 38 4 T B L 1k BB R >4 Ay 2 A I 245 o 52
PUFIRAERS , S PRAR S S 4, SO ()
AR . Rmﬂﬁﬁwﬁ%miﬁuﬁﬁﬁfm
FEAGRERE, H S50 /D A2 A 00 2 3 B 3 T b
WAFAF B AT s R F AR P B AE.

Bucila %5 A CHR o4 T 3T A1 E RS (A A
T 4 JEL B — 1 PR /N 2 AR R AR K . MR
U B AR AR . A e R DI e 0 RS R A 1 R
RSB 25 M FNZ B 4R I 2 A AR
1 ADULT .COVTYPE 85 #i 4 T i SZ 501 Ak 22 01,
FHIXFh 7 2 A5 21 1) 27 A AR L MR /N 1000
fif . EEEETE 1000 5, HILF-3A & s RER 2% . Ba
25 NN K one-hot Zhfith Joig AR B bR 25 22 [] fih) S B
P, By 1 5507 7 ARFRL. R EE
il FH 27 A T 265 R 20U T 285 170 A< s i 118 )2 &5 SR GHH B
Softmax |ij (45 FVE NG B A, LLFEAr 2
Pt b 25 28 0 A5 B DL B 300 ) 45 A 8 A R A A
Hinton 25 A\ M 3 BRI R 46 ) e G — 44l “ 7%

Softmax (T=t) |—>| Kb K%ﬁﬁik_ﬁﬁl
AR PR
Softmax (T=t) |—>] Bt Bk
R EE

8 (Distillation ) , JF7E bR A sy 1 )2 25 31
R EER i — Dok, BRI AIRE R T
() Softmax pRELLAFEHETE Z M 2RI R FIZE {5 B,

MmN, H z RoR Ko 22581 e 4>
fH. YE& K8 Softmax pREH & 1)/ SRR N
“BRFRZE7(Soft Target), FFEIEER) 0/1 ihhAr2EFR
Ry hifibRs”(Hard Targets). 274 X268 i B9 400bR 25
A1 S RERRAE | O 2 R FObR A TR K R
B, AU B4Rk sR B, IR R anEl 3
TN SEES R, ZRIRAS B A 48 KN LU
ZNT 10 5, BARER T 0.3%AARE S, (A
K BEAT AR L R R R AR 28 I 5 ) FEZR B AL 155 1.9%.
Luo %5 ALl x ARSIt — 41k, e 5 A
J TR B R AH DG I i 28 T IO B S R BRASAE G
SR Y

exp(z /T)

a(=.T)= Zexpz/T

T o 35 AR TR R S LB 2R AR 0 O VR 2 T O
DR % v [i) J2 P RS ) A R T B 119 2 2 P 28 s
RERC T, (AL R R 2 24 A 45 B R 2%, Ro-
mero 25 A 717 & Hinton 25 AV 41 A 2608 7 vk
Brrh M2 el )2 | Bn— 2 R0 S AR MR
AR R AR, VR B IR m 4%, ik
BCETHIB M 4 1 ] 2 E i )2 . 22 ML
R ZAE 2T 2, THETE 2 M B 22

(N
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SRR BREL, U Grof e MZ  h a2 R
R 2 S B RAE R 2 MK B AL, iR
Hinton 25 AV 2848 07 v BRI R B AN 2 A R 4%
Zagoruyko 5 NN 11 = 51 A B LR ZE g R
VA R — A B i 28 70 30 3 S PR B B0 24 X
K, AR XA LT, R e T
Y BE XTSI B R e, B R(CHW) L p(HW)
RN = S EAE R AR, T Heo 258 ARA Ry AR AL A
25 45 v ] )2 BB B T DAY N F03R, #F ReLU 3%
T PR A 22 0 S RS AT DA A A% 3 3]
Sp b 2% G SR O O 2 B 2 TS, 2R )
I Z TR E KT 0, RZ R/ 0. fEES
HE S50 B i O R B (Hinge Loss) B9 JE &5+ 1 41 s
ZOLITE RS B G BB, S8 R WX b T i AE K
BOIRAE . /INEHIE 4R DL B 45 S 1 2% I RS B 4k
H/ANFHTA IWFST.

Tang %5 A . Sanh %5 A | Jiao Z¢ AV 7210) Wil 2€ 18
%2 %% BERT M4 . Tang 25 AUV — 4~ I\ ZF 2% 1% BERT
W2 BOBIFFT, BT LA 90 265 f) oK st HH 2 AR M
FIR, F BERT 48218 213 2 0] K 8 e 42 ™)
KL T 100 RS EURGE R, F 2 M
YIBATIERFRAL T 5 4%, Sanh %5 A% BERT M 4%
FE T 2 v B R TAT 1) 450 52 AT 55 V11 2 B B O 5 i 04 7
THWEFE, N ATE TN ZR B BEZE R M 45 2552 i 2 s

SEIN s AT 55 BRGS0 . T2 7E T R B B ik B
T ) 25 v 24— 2 B2 0 RS I 2R N 45
FELR B 2% 97 % B AR BE 1 A [RIE, B 22 M 2555 17
HIEHTF T 60%. Jiao 25 Ak — 442 1 T TinyBERT
FEARHELR , HEZRGE LT = Fh 33 3 Tl A2 i |
B R A R A v i 2 A0 O eR B, A A TN 2
i B ARV TE [ 45 A 55 B BE 28 B M 4% . TinyBERT He 4
T3 EARAIE T 2 A I 45 1T LA [ s 2 591) — i A0 R R o
GUBAT S5 AR, SCE B, IHE SRR /NN
P2 2838 AT R A3 RIS T 7.5 A5 R 9.4 4%, A5 R
T REAR A 22 ) 45
45 FALEER

REFE I Ab 1) A 26 I 45 T £ 5 12 DA O 6% 245 49 R
AR A A SR T M4 S S B, i
T iHE R, AL T MRERE, A THEI/ER
Bl PR . EARER A SCEE AT LRI R REAE AL AL
S50, (HARGESE 3 WREREMN B IR AR A AL, W
ANIVE2 e & R AR p= U N 5 I SR I R (A
W 283 17 I S AR ORI B BEAE. A B 4310
BIR . WAk, kiR RIS BRAE T R 3.
F4, K5, Foe RIPIREMGE. REFE W AEEGE
IRTEIZBEFE AT ELSE B v, 5 A0S 1 I 265 %) EE
W25, 9 25 2 B S0 B AR BRI BB RE Y 2 B A5 5.

*3 MEMBHRTGENG

Sk LSt Wl WA S Y 45 JESRRRE Tops MEEEHRAL  RERETTAMIE S
[29] 1B 5 AL SR IE 2R AlexNet 9 ~0 - CNN

(8] B oA ﬁigig GoogLeNet 2.94 0.98% 1.6 CNN

(8] BB AL 1& 5T R SqueezeNet 3.57 0.14% 1.3 CNN
[30] BB AL & By B R MobileNet-v1 1.98 =0 - CNN RNN
[30] BB AL & By B R NMT 4.8 =0 - CNN RNN
[32] (FLIESNA HRE LR VGG-16 17.5 ~0 - CNN
[33] (FLIESNA HRE LR VGG-16 13.6 0.45% - CNN
[36] (R aY & B I R MobileNet-v1 1.4 0.2% - CNN
[31] & By 1 B I S5 & LeNet 3.85 0.01% - CNN
[34] 18 BRI 5] 1& ST R VGG-16 1.515 2.3% - CNN
[35] & BT ARAE 2] (TN MobileNet-v3 3.6 4.2% - CNN
[37] & BT ARAE 2] (TN YOLOV3 9.64 0.063(mAP) - CNN
[40] B oA A& BT I ) BERT 10 1.5% - Transformer
[41] BoERE ) BN a)R DeiT-B 3 0.25% - Transformer
[42] (3= TGRS RoBERTa 4 ~0 - Transformer
[11] B ERE L) BIRRE 2R LeNet-300-100 32 ~0 - CNN
[11] B ENEEEL)  BIRRLE SR AlexNet 33 ~0 7 CNN
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EE 4 2023 4

x4 WMEMBEUFENE

SCHk gt LA I KRR A L Y 45 JESRREEC Top-5S MEEMJE  REAETT AR I A
[43] 1 A IS S e 4R - 32 <4% - CNN
1471 4R 8 { S LA R MobileNet-v1 8.05 2.2%(top-1) - CNN
[46] 2 MAUE 4 SLES s 2R ResNet-34 - =0 2.56 CNN
[50]  2-8 FALE A AL R MobileNet-v2 7.47 0.09% 1.9 CNN
[45] 4 fAL JoRs BER S GoogLeNet - 0.78% - CNN
[44] 8 A T R #ibE 2R GoogLeNet 4 3.20% 16 CNN
[45] 5 AL "R &R GoogLeNet - =0 9.7 CNN
[46] 4 MIAEE | S Tok RS ResNet-18 - 0.18% - CNN
[51] L BE 4R SqueezeNet 4 0.5% - CNN
[52] 8 o7 A T L XA E ] BERT 4 1% - Transformer
[53] 2-8 v A TE L R aEE ] BERT 13 2.3% - Transformer
[54] 8 AT R wE 2R BERT 4 ~0 , Transformer
x5 WEMBKRESWHIENG
SCHk e B AL KR S I 2% FEARREEC Top-5 KRR REFETT M4k IS
[56] Tucker 4 fif LR JE 2 )R AlexNet 5.46 1.70% 3.41 CNN
[56] Tucker 43 fift HifUS 4 GoogLeNet 1.28 0.24% 1.60 CNN
[57] CP 4. Tucker 53ff Al 425 LeNet5 - 0.44% - CNN
[58] TT 531 SRIERR AEXPY 14.85 1.50% 4.28 CNN
[60] TT 43-fift BORIE 2R GRU 139.82 0.28% - RNN
[59] TT 43 fi# ZfG 4R GRU 195 ~0 - CNN RNN
[62] BTD 43 fi#t 2R A 4 )R Transformer 2.45 =0 - Transformer
+* 6 MWMAEMEMIRFKIBHENE
SCHR EE il GES JEGiAG R Top-5 MG ML AEAETI AR i A
[66] BET AR iy 2 7540 DeepID2+ 10.42 3.10% - CNN
[64] BT R R 7R I E LR 45 8.6 ~0 - CNN
[65] TR 2 2R AlexNet - - CNN
[67] BT ) 2 2500 Maxout Network 36 1.17% - CNN
[68] BT o) |2 2508 ResNet-34 1.9 1.70% - CNN
[69] BT rp ) )2 208 FI R S 45 6.21 1.07% - CNN
[70] BT R v )= 25 18 BERT 349 >1.2% - Transformer
[71] Yt BERT 1.67 1.1% - Transformer
[72] ST R AR BERT 7.5 ~0 — Transformer

XF R A R BB RS BB, AT
XA TR . i, Han 58 A\UD7ESY
BRI A S B s S 40 LE ARG TR N, 4 190 248 5 R0 B2 K
ERNRGEHT, JFEH WA T 7 ARIRERE. MEIRE
T3 b P 4 BRI ZRB A  J5 EOR S B, AN (R
FEHPREREIR ZINEA AR, FATER 3, £ 4. £
5 s LR SRR PR N U207 I — ORI AL
IREA X AL S AR B BEA TS B2 AL 5 45 R 4
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ning, so as to shorten network’s inference time and lower
its energy consumption.

Firstly, we introduce three types of energy consumption
estimation methods. With the help of energy consumption es-
timation methods, we can better analyze the causes of ene-
rgy consumption. Then, this paper summarizes four kinds of
network lightweight methods, including pruning, quantizat-
ion, tensor decomposition and knowledge distillation. We
compare the experimental ideas, experimental results, ad-
vantages and disadvantages of each method in detail. Fin-
ally, this article summarizes the challenges of energy consu-
mption estimation and compression methods, and proposes
possible solutions.

In the field of green computing and high-performance
computing, the previous review of neural network optimiza-
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tion methods only focused on the performance optimization
of neural networks, that is, how to optimize the amount of
network parameters and its running time, and ensure that the
accuracy of the network is not affected. This article summa-
rizes neural network energy consumption estimation meth-
ods and neural network lightweight methods for energy
optimization. It is the first Chinese review for energy con-

sumption optimization in the field of green computing and

high-performance computing. This paper is helpful for re-
searchers to understand the development status and research
direction of neural network lightweight methods for energy
optimization.
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