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Research On Modeling And Accuracy Improvement Of
Hybrid-bit Quantized Neural Network

ABSTRACT

The emergence of deep learning dramatically improves the prediction accuracy and promotes
the wide application in image recognition, natural language processing and other fields. However,
its huge demand for storage space and computation resources, restricts its application in mobile
terminals, embedded systems and other fields requiring low energy consumption and limited
storage. In order to solve the problem, many deep learning compression algorithms have been
proposed, among which network quantization, a method of compressing weight parameters and
activations from 32-bits floats into 1 or 2 bits, achieves the maximum reduction of storage space
and acceleration of computation. But Network quantization would result in the loss of network
precision. How to design appropriate quantization method, network structure and training
algorithm to minimize the loss of quantization is an important problem.

In this paper, from quantization method, network training and bit operation these three
aspects, we firstly construct binarized and ternarized neural network. Using CIFAR-10 dataset, we
obtain the difference between the testing precision of these two quantized network and that of full
precision network. Secondly, from the point of view of improving the testing accuracy of
binarized neural network through simply increasing a small amount of bits, we propose the
hybrid-bit quantization network structure, whose quantization bits gradually decrease from front
to back layer, taking advantage of the characteristic of network with several bits and the better
classification ability for the output characteristic of latter layer. On the condition of using average
quantization bits between 1 and 2, the network testing precision approaches or even surpasses that
of network with two quantization bits in CIFAR-10 and CIFAR-100 dataset. Finally, we study
how to add prior knowledge into the training of hybrid-bit quantized neural network with
regularization and knowledge distillation, to improve the testing accuracy without adding
additional bits. The experiment results show that knowledge distillation could make hybrid-bit
quantized network who has better learning ability possess better generalized ability and improve
the testing accuracy by nearly 1% in CIFAR-10 dataset.

Key words: deep learning, network quantization, precision improvement, hybrid-bit, knowledge

distillation
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[ BRI 2 A VR P 2 ST Y LUK, FESR T LA PR LU E %, W AlexNet 75 % 200MB A
1%, VGG ML FHEE 500MB NAELLM ResNet-101 755 200MB 17, BEAMNEZZE R M
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LRI LEFH CPU. FPGA SRS b, OELIEEI R E . XS] T IRE
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A EEREA TN 1L 2 808 8 MR T BRLE A, X HE G KRBT AL 4

W%Woﬁﬁﬁéﬁi,%%W@W%%S%%Wﬁ?@%%ﬁéﬁﬁﬁm%%é;EE

F1o 520



RE L EUMEERIERTIRAAMR

A T S i L 2 R =R I v R A s (R R el OE S B R A S A DA SN )
TLNEHI ] BARIZE I HBUE AR SIMAAE FPGA S8R DR e L L 211 %k
JROATTRE, [R5 128 24 i SR AT FROTR J3E 5 S SEVE A A 2 TR AR 2, I 70 B2 s
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1. 2.1 RPERR R 48 513

FEIR P 57 2] I 2% (1) B AN 7925t B T, 968 B2 DX 8 I 47 77 % 2 A 4 ) 2% BT L IR 2 A
BARRZ WL LA IR 261

IR 26 BT, 2 VR JEE 25 ) TN 4% I 4 A e SR 8 11 ) 70, O BRI 25 B VI BRI 1Y
TR IE 2 )M 2 U AR AU 30, X ESRUE 250 £ BRAS 206 T I 28 M R = AR s o 1X
TIEAE YR . BEALARARSENLES 5 ) Bk Rt B o B30 100 199 28 B 7 6, 45 A AE 5 Rk
(121 OBD(Optimal Brain Damage) 31l & OBS(Optimal Brain Surgeon) !4, 5 —Ffi 5 1 B 4fi{K
5 0 285 HRORUAE DR /N SR ke s MR S AL T e e 2 B s i T PP 7 v AR 2 R 00T I 8% AL
18 2 %1 FEZEHE B (Hessian Matrix) PA S 2N 2% Z 50060 T 450 2K bR BUE IS REE, 20 fs A
BRI T ARG B4l BEJS Suraj Srinvas &5 NS 23 BRANAEL IS XTI 28 i 52 mi 72 R e f1%
[ JE 42 data-free (945 BYAL 772, BB — IR LR 2N TURMBUEIER:, LR LT
M /7755 . Song Han %5 AR X 2% | 25 R0 X 4% BT A 4 At >k, i S B A G I 7 VAN
b A S L e o P I 8 AR 4 U7 2. X 2 BU RS AG IR P8 2% S I 4 SRR BE R 1%, #E LA
M S K R A 23 PR AR 0 S BIIR BBE 2 ) I 248 1) s 4
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FERE R 0 IR, ATASER B X 20 S0 FE Fg 1y 4.5 A5 9F BLAVERA 2 R R FE 1%, KRR i
AR A T PR OR R B 2 S R TE A, 4 )& MobileNet! il SqueezeNet!20!
MobileNet J& F 7EX] T S Z SR FF /NI B e 4 b, FBERE R AR E GRS B0 A R
FEBRRNE B, XFEREERMNgEEERD 7 8 2 9 f%. 1M SqueezeNet N2 ¥ 5
A 33 BRUZIR 7 Bk 1*1 BB, IF Higb 33 BALIEER, M SR KR
JE 4G o AR 73 A R 0% S ABE R 11 DS P55 e 208 AR U1 B0 B ) P DA RS 58 sk, (LR P A it it A L
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77 LI BRI 4
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ZEIRATRE DT IR — AR I 2% . IR FE 5 ) U2 A1 Hinton #4efg XM, HAHE D&
SRUF K 25 (128 Softmax Hi A AR ISR /NP 28 45 25 BRI — 3840, IXREASTAR K 4% 2
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TR 5 ST AT IR S R 2 BORBE 2 ST W48 I 45 T3 VR 0 BB AN, K 2 B L X 2% [ 4
TIE AT 2 KR W48 B TUAR T A LS T W A8 S5 73 e o TR P 5 3] AR i — P BB R 2 1Y
T FARIRE 2 2T B AT VR RE W A A TR YHERA R 458 2R T S bl JH A 8 P58 19X 2% 1406 1 42 B e )
Jedii . T B AR BRI S 5T WS AEAE AT R I IS S0 Ay 3, AR K s i 1 k4%
IR T HAMMNS A%, R R 412 5 (8 R R

& 1-1 AR ST EERE . WEERSE U RIS R R T L

IR 28 IR 47 7 V2 ImageNet | 7R AT R4 BHEER
X 28 B 57.3% (AlexNet) ~9x ~9x

Ak I3 fi# 60.2%(MobileNet) ~7x 8-9x
A% LI 56.7%(AlexNet) ~4x ~2X

W 26 E AL, 44.2%(BNN AlexNet) ~32x ~58x

A R 2 ST BT AR KR E . Song Han 55 A ROITE X 25 31| ki F2 Aok AUE
FEFERIEEAT K-Means 2K, PUER PR TREMBI LN REFORE, RE T8
FH AT HT . Wenlin Chen/158 A\ JUFFH G A H 5 A BENLBUEIL =071, ScllEfih. H

REENAWND TR, BRLRBEEEREIRKR, MG FEFE T R Hik
FRENGABERAALEAE, YT FPGA SRR A i FRIE#E .

VF 2 WA E T UGIR FL W F A Aok e Ebid FE . Matthieu Courbariaux 2528142 H —{H
BUE M, LEVN R R A I 28 S HOEE 5 BREEAL S+ AI-1, FERT IR TH B ) A%
PRI AR 7 ZAEABUE . WA S 32 A SR 4a R 17 1 AN B, SEEE T

%%W‘ESLZ FIE4E . £ {HAUE IERY [, Ttay Hubara Z52 A i —EALBEE, IXAERHARTE
WX 2% F e iz S N ALIZ B (XNOR-popecount iz%), MRIEmEHEE . HXH EHik
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Ja 2 MR R — BRI, N TR 28451 5 % 21 5 {Ik , Mohammad Rastegari 5530]
R — R NEBIR -, I AT EHE T e R Rk X, R4 XNOR-Net. 7£—
fE L2 360 L, BB T —AE M 20132, = EAMZ L A% 2 T 0 XA EfL
EI, —J7 e A ERER, 57 ISR AR B, RS — N LR LR
emMtERe . BEEY PR BT AN gt T 2 LR E AL 2% DoReFa-Net®3l,  Jf H XA
fl. WOEEASE Bt &7 . Ttay Hubara 26 A #& i T A [AF DoReFa-Net [ & 1b 7
A, AR 2R L DoReFa-Net 55 .

AL IR ERE HERR R0, B A VIR A 285 15 A 2640 % B 21 B (R R R A 90 B
Wei Tang Z5B435E 2% 5] 28 G T8 R DA SR AR TEE T T2 7 anfef il 2k —AE A 2% Kk 3145
S HER . Ze ChunLiu Z542 H 254l ResNet 451411 Bi-Real (51501, K —AHALHT T
BodE I shorteut 45 —HALfE FIBUREAINIE NI A 45 R4t . Joseph Bethge %503
WIS UE | shorteut IX PS5 M0 B AL N 28 (1 R REG T2 =1 . B AL N Z8 £ S EIRBY Bk F 4
FEERUAEZEL, BAE N —ARIIGRIIAT AL R TP AUE S 8O A T XM AL TEHER
1) Guoqi Li HIPABTHE H AEAUE SFE AR A ARG BEAUE, T2 KRS 1 I71E
AR B EE 2 RT3, RGBT A T EME AR ERUE, TTE N,

1.3 BXHERATSEH

EENV TR A 72 4R FR R S AL 4 ) SR 2 T, B FE A s A 7 K B2 1)
SRS R UL S A 28 5 AR T VR 4 A . AT IR TEARUE 28 R 48 16~32 732 — 1B L
T, R WML SO GRE R T, RIRTH R R R R, e
MV RRAN B By HAK B AL 5 I 48 a4 42 FPGA SRR F % 4% Btk AT I B 308 el i1t T
YRR

(1) AR AT ASE 0 AR =AW 2 A 7 iR SR i, R (AR = (AL
W&, I HAE CIFAR-10 Bl 45 L Igr —EAR = (840 /&%, A HL IR 45 i
HiBiT 85%.

(2) EUZ RSB G RRER, T T A FERHE ] o AR
Bo MRHEIX TSI 45 A TIR A A B b 54 . JF/E CIFAR-10 1
CIFAR-100 FIZRiRA LR EALMZS, FEM oz . BEAUARFRNZ S A 5 (8
AN =AE A 25 B 384T X6 B

(3) Wit AR =AM 2 IE AT, JF HAE CIFAR-10 £d 4 il Sy iE AL IR0
ANy IE AL T A 9 26, R FTAUE 2 80095 A B 7 BRI Aff 2 il 28 29 B 1 A0 =
A TP 28512 B 1) B

(4) WEFE T W apks HR A8 i R AL I 28 45 A, SR F AR 28 TR B T 1 R 28 A
R, {E CIFAR-10 £#i4E b NSRBI AE, o THRZERS . &L
DR 26 2 > R 7358 IR 28 8 5 R BT B A I 465 1 B )R B T S

W E T ZH R

55 R EA B AL IR AR AR B A R g . B T S I
T7iE L LR IS B = A F B A B AN = AL 2% . FFAE CTFAR-10 $di 45 E NHERf .
PRI AR DL b i B 0] = AN f P AT Ak B . B AL = A5 AL 2555 szt IR 7T B R 5
FFR G L X R M. I e R T AEA R = (AL N 48 IE AL T T 72, 5347 T &4
Xf L SEES
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—ANEGE A PR o IR AL EEAROK AR L P 4 AT — € IO BER AR AR, 1 eIk B 22 ST AR
WEILETPARENUBEE T (SGD), BIVEE— USRI — M EOR ERBUE S 8. BARE
—AOEARERIMTT ), BRSNS BEE T 4 R B SR — s
MR — € BAIRE, XM EAIRZE BA —ERlE, BIELMZER AR A
— AR TT 1], B2 3 FIEAGE RS thRE T TR E . R EE M 28 AN 5 B4
gt EMEAREF, N T RE e, FTRAERZ 20 dropout /2, fEYIZkIdHE
hBENLE S —LeE R, MMM EREEL. BHML%E, THEEH 0 IPMENEREL ML,
B BRI — R LML ThRE . XA REME AR AL T 2R MR S, A
L iz AL RE

2.1 “{EHKHAEMLE

2.1.1 =720

“AEMEAL M R A T PR, SRR E BT S, BIRYEBUE 2 B AL
R AR ERIEAME. 5 MRV E AT 30, RUR FIBUE 2 8ok BOE A 21 A E I
R, REHER L B

R BAGE AR E B R A U RO, A RKQ-DFTR, IRYEHRE M BUE

S TE S R RO, EECRALE N, SR
- 0
binarize(x) ={ X @1

+1 x2>0

BEHEMAZHUE S BT B2 R ICECR IR ZE, WERAER — RN LU R %, 615
AT A BUEFE R AN S 1 B AT RESRIL, BALRZER 2D
EX:@%%*%%&&%%%W:{WJ » BT N EALRTZE A

mxnxh

KX Xy o BRI AR, E W, x e R . WEH

IV D 0 A\ 483 YT 1 S5 01 R 0 0P 52 S 0 B e By
AFIRRD h e {+1,-1}""" . RERRRGAFRGEAREN S Ma - G

JE B ] B RH AR\ [va) B0 82 70 2R 3R 49 38 i 1) R AT e, BV AL N T TG AL ) e«
a’ ,B°,b" ,h" =argmin||[xOw - Bah O b |3

a,f.,b.h
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b O SR RB B MRS T EAR. & Ly e R™™ Hy = xw,

ce {14y He, = hb, oy = Ba . WeditingsEs:

J(C,J/):Hy_?/cH; (2-3)
y ,e =argminJ(c,y)
Y
JRIT(2-3), FATAT AT 3.
J(e,y)=y'y -2yy’e+y’c’e (2-4)

i eef-141)""" me'e=mxnxh : MH y £ORITE, My y ZHL
Lconst = yTy , @2-4)~ AT LS Al

J(c,y)=const—2yy'c+y’mnh (2-5)
AT UL AR (2-6) DL AL I RS2 ¢ f e DL -

*

¢ =argmax {yTC} s.t.ce {+1,—1}mx””’ (2-6)

Yy IEE, B+l Y yi 2 A, o -1. BRI Q-6) ik i B 2 R E . W e
LN -
¢ = sign(y)=sign(x)Q sign(w) (2-7)
Q-5)A B EO Ty KT, AT RIHE TR y il
: |y, | | x,w, | 1 1
Vo= Z = Z ~ ( | X [ ) (————Iw[];))

mxnxh mxnxh mxnxh mxnxh

PRI, S T2 EE ) R B AR 28, o T AUAB R e A A T80 B R R AL T VAR AR
ST SRR T EC) R B BUE AR FE AR NG AU AR & A Je R AN B A . XA
X TREMSEREER, St EHREN.

IR PR VA E Y T AE R AT R, W TR BUE S BN 0 R U R A B R
M. A(Q2-9) R RN R T K-
+1 with probability p = o (x)

binarize(x) = { (2-9)

-1 with probability p =1- o (x)
x;— ! ,0,1) = max(0,min(l, X 1))

BBl A B 77 SR T R A+ % o(x), WA x Z2IEHL B4+ FMEREE:
M x &L BAON-1 ERE R . ST TS 2R R AT ANE, AL+ DX R R —
NIRRT — ENLRPCRAE+] B -1 TRl BT AR T LU N A, (R e 22
e B EAL I 3R E R Ay 5

o(x)=-clip(
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2.2.2 ML 2Rt FE

AP I ZRas & 77 N RIE Y . 25— Mgt T N GRIF B A AT B, X
FEEAFAE AA B I 25815 100 T TUINME AN LS AR 25 2 1AV R B de 0, AHR M OT VR AT 2t SRk EU AR
KEEALIRZE, T RTHEd iR MU R R Z TR EC B A . 55 —Fp R A I Zrad B b in N
RERE, ERT AL RE A S a) R Sl AR TP I B S H, e — 7 T e /M T A L SEFR
R IAEE RS, S — T AT DU M B iR 72

T I EAUE S 2P S B AR A T B2+ A-1 B EUE, sk el iR i & 2
YT BEHUE R T . SSRGS E R B BTSSR 5 B A5 BR S KR 73 78 S
T HHUE AL R FEON 0, XA R EAIB RGO N T RRIIZA IR, T AR
g R 8. F79 RS Ho e RIA Xy

d(binarize(x)) _ d(sign(x)) _ dRu(x)-1) —25(x) (2-10)
dx dx

2-10)H u(x) AL R R, FF5 BB ENIIL Oy 248 (x) B MR 2, 0 T

BB B /5 R B BB R IR G . IR B MR BV
[ o(x)dx =1 2-11)

— 0

o(x)=0 x=#0
FATAY B A F AL R B ) U R RE IS IR T ISR A, T A PR B e . R
TR ISR = A TR KDL T SR AR

d(binarize(x)) ~u(x—1)—u(x+1) (2-12)
dx
d(binarize(x)) (2= 2 xD(u(x+1)—u(x—1)) (2-13)

dx
K 2-1 R 7 AHE R (B R AR S AL K A B R B R RO e A
1%

> Binarize Function 3Derivative of Binarize Function
1t
= =2
S, Of 1 =
Kz Nl
-1 |
-2 o
-2 -1 (o] 1 2 -2 -1 o 1 2
X X
5 Rectangle Pulse Imitation 3 Triangle Pulse Imitation
1.5 ¢ 1
= ——— 2
S 1t I
D =
1
0.5
o o

-2 -1 o 1 2 -2 (6] 2
X X

B 2-1 ENEBRE. BARE SRR R A

%8 U 3L 52 7T
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DRI SE X gq AR RBON T3 — Z (a4 5 BUE 95, g R KB TAH R
JEEAHT R EOEE S RS A S R T BB R HE = DL SGE N,
dbinarize(r)
g, =8, ar = gl
DR I 7E B A Y 2 B — 2 SRR E B AL A BOEE S AR 2 i, 75 ZEPRIAE X (8]
LI, 15 sk S FERe s 12 R (2-14) 77 A7 . fE Z(EEMM L, KBS R3L
Hardtanh A DL LIX AN 1] 8

(2-14)

-1 x < -1 (2-15)
Hard tanh(x) = Clip(x,-1,1)=¢x —-1<x <1
1 x 21

W) 22 Fh SEHORUAE 2 Bt 0 R 1) 225 BB DR 0B B 1 ORAR 2 OBUE S8 A A 1T 1)
FERRIS AR P SRR RO+ PAME, X T SEROBUE S 5006 BR 16 & 40 9 25 1 R i
AP

TABAGIR FE W L T AR R e m) SR S AAUE SR A AR T

Algorithm 1 —{EALFPLE 45575

Require: —“~batch )5 N EHE A XS B EREE (ag,a*), FRIEA)E L E W, E

VORISR — I E S0, EUGEARIE R 55 2] 3y 42 ) LIRS H
Ensure: MATIEARER ELRUESHEW! T, RS IA—MLZS800, DL TG 15
j‘] $nf+1
1.B0E15 %
for £ = 1to L do
W< Binarize(Wy)
Sk eal,;le’,;

arp<—BatchNorm(s,0y)
if £ < L then

a? <« Binarize(ay)
end if
end for
2. & ERS
S A& J5 — 2 Har UL 2 BVE b7 Zrax, T B35k bR T B e — )2 fan B IR RS
f#igaL:%LTojS"

for Kk = Ltol do
if £k < L then
gak<—ga;€b1\ak|
end if
(8sy» 80, )«BackBatchNorm(gq, ,Sk,0k)
gazilegskwkb
Bwp 8 A%
end for
3. BWEHMN
for Kk = 1to L do
0, «Update(Ok, 1, gy)
WZ"l(—Clip(Updato(Wk, n, gwﬁ),—l,l)
,,7t+1 <_)\,r]

end for
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AU B, —AE A R ZE I ZRAT AR RR A S R 3R I R A2 B AU 2 SR H
WA, e (A 28 ZHCE g AR I SEABUE S B HSESi A S A —E
ORI Guoqi Li B1PABTR H ATIR A 8% 535 T 38t G S BOBUEL A o AR d 25038 o ]
ZAESBOVEN R BUEZ L

A H A R T AE A 2 55 AN Ee A R B A AL I 2 AR SR R A R A b — 38 X
BAET AT IR R . fERT PR, M T EREME, R ARQ2-8)J it 5 A L
ABOEREAMER LSR8 R T ER UG Z AR 5 8, —F TSR
TR S5 LL B R BOE R BEAT X BT R ASRIZ S, fJa R AERL LG R E. X FER1T 1%
TS A GRS E T BIFFES  XNTEME RS, Seit SRS AUE ] R 8 &
AL 258, JREIEE S EREREL. BRRIEHESRET LA 2-2.

----------- = |_W .5 fiidind
S Wl *[‘:Z__. é] 4111
c k 2 5 e
K :
_ A — A A sign(I)
Convolution with XNOR-Bitcount
02-01 .73 017 IR E B E T 1411 R A 8l (@)
1405 .. 02 2+ X 0104 01 ) = T ® paiTe OO a
053 .12 02° W 11,11 sign(W) -
I sign(T) K

B 2-2 H B R B EUNEERE R E R

2.1.3 MR HLEREH

BEALRAT -1 ) AR A X 28 8 SEUNTAE SCRF O A 1 B EE AR S A R B0 4% btk AT ¥
REEAE T A X Ee AN M ] 0 A 1 BEATIZ S

H T ZR M EAUE S BOUE 9-1 F+1, B8 2T 0 A 1 HeRfis . e
B H AR . — B, RATEHUE-1 XSS SRR 0, HUE+1 XS AERZ
B 1. SO HEERERE A w » BOEEAE N x  BERANTRERE S w
ﬁfﬁfﬁﬁ%yﬂxoﬁ:*&,;e{o,l}”’ W,XE{—I,I}”"

R 2-1 F AR FAL AT SR AR IE SEAN AL 5[] iz S0 M DL o
£ 21 _fEHENARBREENENEFASEE MK R

X, w, X, ew, . ~
x, w, o)
-1 -1 1 0 0 1
-1 1 -1 0 1 0
1 -1 -1 1 0 0
1 1 1 1 1 1

F107 4520
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x, 0w, .@@vhzl (2-16)
xOw -1 x,0w =0
ilixo w 4 RAH m AICHN 0, KRN 1o A7) ST = FI
KA T SR -1 A+ i BB R A B e iz 51
wa=Zn:wi Z(WC)x —1)+Z(w®x)

i=m+l

-~ (217
=-m+ popcount(w C)x) =—(n— popcount(w Ox)) + popcount(w ©OX)
= 2*p0pc0unt(w Ox)—n
XA HU B R B AN S, (2-17) AR R A 2
wa=2*a*ﬁ*p0pc0unt(v~v QNX)—n*a*,[)’ (2-18)

popcount(x o w EMZ I Hxo w 11N, IRZHFFFHEXT popeount Beit 1 &

WURFER) FLyEL38391, A5t 2% LA popent $64> . A AL &AL J7 12450 45 51 1) A4 i v 1Y)
Fe iz B AL N R BT popcount FILTIZH, BEBCRIET: 58 £F, FF H W if s e {45 L
IR FEE 2 2 P 288 AT TR 2

2.2 Z{ENBRZEMLE

LT EfE Mg, =EAMEM%EZ T 0 XM EME, HMtEES ~Eha
PIZEFETR] o R =B AL PR 2 X 2 e DRV AR i A A PR X 2 o FEREARESE b, =Ml
P2 L —AE MR L 2 T — A HRE, PR S, FEAFAEAE SR AT . (H A
B HLRE G5 DL AR X P MR A AR 0 5 DA R B I T B A 2

2.2.1 =70

SAEAM AR A B AR T 5N T BIE, 75 1E USIE G P X2 S EOR0E [ B AL
%0, KT IEBRME M 2% BSOS AR, /N T SO 9 2 Z BT AL
-1 AXQ2-19)ER =N ENTT .

1 x 2= A
ternarize(x) =<0 —-A<x<A
-1 x < -A

Hrh A RE=MEMLBIME, Hbmdm 7S mo X aBUETERE . S TREE—Z A
FITFE R

(2-19)

11 520
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A =txmax(|x]) (2-20)

x RIS BUE B BARE PR, 2B T BT x SRR A S BIRBIE-1,1]F,
W0 28 g 15 B o A9 DR 7 o ], R AIEADLEE g I 4 A L st 0 LT R 1

Al = (AL 2 R 25 B 7T LA SN BB SR BOR G 55 X 2% PR RE, 5 —EAG B AL R 25 A AR TR Y
R H KT IR AN S BRI A A X TR 20 35 SN L R 8. A sK(2-21):

c?’ x 2 A (2-21)
ternarize(x) =40 -A < x <A
-C" x < —A

L CP A CN RS FE AN b, ) RO I wh 28 X 2% J 1) 3R 5
SHCE R B IR, A AR R Sl R s DAL T R HE T SR AR T A —HE.

2.2.2 Wit FE

RIAPR RS TS EEAL DL T = EE R ECE R E R, HoR 35 NTE
P B AR A H) AR ik e B L AL I BEAT RE TR Ikl 0L, =M A R B i 3 T LA
AR BN BB TRty TR DY 1 ROAEFE K oo A s B S B0 D2 7R )
BT B AL I 48 B Jm PR RERZ AN KBS, = {H A pR B 3 H0nT DL LA D9 AN — A A R £k
SHAAFE, RIEEEE— R EeE E A IR L1]F, RIASRSE 1

d(ternarize(x)) | (2-22)
- x|<1
dx [x]

5 Ternarize Function ?I?erivative of Ternarize Function
— 1l =
> 1 1
@ X 27
N S
5 OF 1 *
= Tl
9 ) | 3 T T

=l
2 0 ‘ ‘
-2 -1 0 1 2 -2 -1 0 1 2
X X
Rectangle Pulse Imitation s Rectangle Approximation
8 4 r 8 27
N

3 3

2 L — 1 -

0 0

-2 -1 0 1 2 -2 0 2
X X

B 2-3 ZEAEBLEE. EXRESHRIER K E
((3) WFEFLRKMAL (4) BRIEFEAKMBIE-A T IZ5%0
ST A L RECEAEN LS, TR WL Z A LB R 7RISR SRS

F12 71 4520
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AR, B2 LA Z T TR ERT . 101 2K eR BON B B SO (A A R A LU R B SR A R
/I
oL oL oL _ oL (2-23)
iezl,” ox' (i)

oCc” [H,ox'(i) oC”

Horh x AT DU PG (E B BUE, 7 _EAR ¢ IR B RS =B A 5 1 W 2380 B
BUES 17 ={i|x, > A0 ={i|x, <—A,} - BREREOS T SHAUE S BER E R 5 A 2
T

w,” aLt x, > A,
ox, (2-24)
oL _ aLt -A, < x, <A,
Ox, Ox,
/8 8Lt x, < —A,
Ox,

AT EE A R0 =AE A P28 FE U SR R pofl —AE A R 2 32 22 X R A s -2 ) imA
FL AR BOHEAT = (E R A, 8 S P ARAR I AR AR YR (2-23) LA S (2-24) SR HI R 45453 2% o5 A0S X 28 A5
RN 18 b A7) 2R BN A B SR 1 5 5

2.2.3 MgtLiraHE

—AEAE A SRR E R ER R RN, A — AN RERAR TR S, A — N HRER
INEUE . T TRV T dn e R FH R 5 bUARRIE SR iR = A A 28 ) 286 11 1) A R 72

BHELE RN LR AUE S WiWo, ORI ELRFBUEE Y ArAee HF Win Wa
Ars Ay N{0,1} =AEALJGHEMNEEUEAN W, BIEEN A. EATN{-1,0,1}" &AEF L
BEEERN RiReo FUE W R SRR S AL, RIURA A BUE A . o EEL, mikt
BEON 1 W26, SRR 05 RS RN 0, SRR EERT CAEL 1, AT BAER 0.
|2 2-2 B H 2 P RS B2 ) 0 R

R 22 ZENWBHESRETERR

Wi A Wix A WiiWoi At Ri; Roi RiiRoi
-1 0 0 01 0(1)0 0(1) 0 0,2
1 0 0 11 oo | o) 0 0,2
0 0 0 00 | oMo | o) 0 0.2
-1 -1 1 01 01 1 1 3

1 -1 -1 11 01 0 1 1

0 1 0 0(1) 0 01 0(1) 0 0,2
-1 1 -1 01 11 0 1 1

1 1 1 11 11 1 1 3

0 1 0 0(1) 0 11 0(1) 0 0,2
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ARG, W] DA R 5 E R BUE AR R R & .

01 1 )0 01
o=

11 0 m 11

10 U 10

B 2-4 BEESRE =AM NS5 = EAENBEERA SRR
(WA R, AN R, B B B Dy iE EUL RS

B Rt 45588 0 B m bR Az R 0N 0. JATRT LIRS S i jm =8tk
HRUEMBIEER AR R AW T:

Ry =Wy 4y, (2-25)
R, = (W_liAli + W ARy, = (W,, 0 4,)W,, 4,,
I8 AR AT AUA [ BEAEOEAE 17 B A AR R & 1 -1 JTTERANEON:
count(l) = popcount((W, © A, )W,A)) (2-26)
count(—1) = popcount(W,A ) — popcount((W, © A, )W,A))
18 SR RIS 1) B MR 7] B N AR G SR A ia L SR A s B R R R N
WA =count(l)— count(-1) (2-27)
=2*popcount(W,© A,)W ,A,)— popcount(W,A))
B AT =B A P 25 e iz SR B e A 9 R B, 50 popeount 325, RAL—fE LM

25O, WERIE OB RS &, JF HAE TAEREAF ERbAT SRR B . =AM S R —ME
WML Is HMME A, (HRMERF LAWK —ERTT.

2.3 Z{EM={EMKEMNLIZIT

FAXS T ARG ML, BAMSA I RE89, DA WHILRA EREME ™ E. (B2
VGG 1 Resnet MIZEYIZRAIEREF, IIZRAER A HER R 22— BOsld e R id & =
I B, IR R SR I AR AR R 2 A0 =B A 19X 2% £ 1E 0
WBLHREATIE T, RR WA BT A R 28 50 T 53 i 1E WAL

2.3. 1 AL RAZ I AL T

S TR S %, 5 ILIEMALIR N L1 A0 L2 IEMALIR . L1 IF WA T2 AU [ & 1 1-
W, L2 IENAEDURBUE =R 2-7u%, HAanT:

F14 T L5200
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ul N
LI(w)=|lw =D |w, [, L2(w)=]|w ;= /Z w2 (2-28)
i=1 i=1

L1 Y80 L2 Yo% H B2 M2 S BUR T REAE 0 7 [ 5Edl, B Rbr e IR0 A, A3 45K
ML . (HRN TRAMBKT S, EOMSENER AR, L1 A L2 a8kl
A MZE TR, LR MM B, MSTERES TR, Bk, ALExT&
RAZES v aaw L e

FLrA R SR AR L B I 2 1 B A A Dy TE A TR, A5 /) T DO A T 2 15 451X 2%

SHEL) VB T RS, XA 2 TR AT -

N
Poly(w)=72 (1-w}) 229
i=1

Horb wi (A VEE A[-1,17 X T SEEOBUEDR B, A 5 A1 g AR08 0,
O AR I o B AL AT O I B XA BAL AT SEBBUA S HURS AT RESEIE -1 AI+1 PR AL
1B

H 2 I AR 5 1 3RS IR R AT T B0 2 B AU, 0 R s o SO LB SRR
I IE AL TTINAE A5 2% e 50, e R Il PR T A PR ZIN#E S ) SR S it e v, 1=
A6 2 TR A T i T

O(Poly(w)) — 2w, (2-30)
ow,
I —AE A 22 A5 2R iR B8O T3 M AUE S5 O
O(Loss(z,z2,wW)) _ 0(Loss(z,z2)) N O(Poly(w))
ow, ow, ow, (2-31)
_ d(Loss(z,z)) 2w
ow, ’

PR PR HO T B A X 2 T S BSOBUE 3 803 I L, 55— T I 4 i HE AT AR bR 2 2 T8
PR BRSO T 9 28 SEROBUE S 8000 S 8L, 58 TR TR WAL TIU6 T 45 SEEOBUE 4. — (B
[0 2% 22 35 U A T3 1 37 S L 3 R SO LR A T

5

X: -1.001 X: 1.001
Y: -0.002495 Y: -0.002495

-5

w
-2w
T
-2 —
_a L , L , L ,
-2 -1.5 -1 -0.5 o 0.5 1 1.5 2
w

B 2-5 —(EHM%E S TERIE AT SR ER

FI1ST 452
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2. 3.2 ZAEAL 2% 1E Ak T

AR 2% TE A i 2 T O S B ZE R4, H AR RS Ml T 0. -1 fl
+1 ZAME. — TR PSS AT REM L, 53— 07 AR M BAL IR ZE A KK
N
Poly(w)=> Aw>(1—-w}) (2-32)
i=1
VS INE N5 2K bR 28U o SERORUE SR 5
O0(Loss(z,z,w)) 0(Loss(z,z)) O(Poly(w))
= + A
ow, ow, ow, (2-33)
_ 0(Loss(z,z))
ow,

A 28 IE AL TE A A ST R B0 2K, HL R B AN 22 T 2R I AL TR AL .

+AAQ2w, —4w))

N

Period (w) = Z Asin’(ITw),) (2-34)
i=1
TN INIE A K bR 25 R S BRI R 3
O(Loss(z,z,w)) _ 0(Loss(z,z)) i O(Poly(w))
ow, ow, ow, @239
_ O(L0SS(Z2)) | 4 arTsin(TTw, ) cos(TTw,)

K 2-5 JEos 1 =AE A28 IR 1 AR 30T 1 22 30 AT A 4 e 300 7o A 2 2K B o 50 -
PR o SRATTAT ELFE 25 P I A 5 3R s g 2 HE T+ SEBOBUE 0 5 806 A= AE-1,1 A0 31X
AR A F L XK UBUES BORCIE R AL AR B EE AR 1% 5 AR IR AR T 5 80
0 FIB s, TENAL A BE (X LU E Z50E-1. +1 1 0 X =ANEAb 7 i SEdh. = (E AL e
AR PHAE A 22 HME 2 P R AR O O PR 122 2 2 EE R R A 1, 0 S B 4 X (BN % B
K MBSO R BAERHE N Z U N . TRISCE AR T 88 =R = (AL LML T ik

w? w? 2w 4 w*

0.3 2
- -

o2t X: -0.7002 X: 0.7124

Y: 0.2499 Y: 0.2499 o
0.1 \‘/

-1

(6] -2

-1 -0.5 o 0.5 1 -1 -0.5 (o] 0.5 1
w w
(snn(m— w)) 7T sin(2 ™ w)

4 - |
' X: X: 0.5106 2| X: -0.4984 X: 0.5106
Y: Y: 0.9989 . _0
Y: -0.03154 Y: -0.2085
o5 | i of - -
2 vl
o
A -0.5 o 0.5 1 -1 -0.5 o 0.5 1
w w

& 2-6 ZEAMEZHRENL. AHRRBENERSS SHER

F16 1l L5270
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S = RPN 7 SR IR WAL T bR B0 BEBETH A o FRATEABIMELN 0.5 1 = Ab 2%
B, RAERATOHUR, HAUEBE N 0.5 I, IR SRS ER K. T4BUE -1, 0
AR, IR S EELEXHE DY 00 W IE AL T 1 3 40 -

Asin(ITw,) -05<w, <05 (2-36)

m rad(w,) =
y - grad(w,) {—Asin(Hwi) —l=w,<-050r05<w <1

X T IE AT S AR 70 I BT R4 BT IE WAL TR, T2 1E ML I s O -

icos(l’[w,.) +% (2-37)

—-1<w,<-050r05<w, <1

my _regularizer(w,) = 0.5<w <0.5
-0.5<w, <0.

——-cos(ITw,) + 4
IT IT

N
my _regularizer(w) = z my _regularize(w,)

i=1

my regularizer or my regularizer grad
0.4 yreg El 1 ~l 9 | 1
X: -0.51 X:0.48

u Y: 0.9995 Y: 0.998

03} - 28
\x: 0.5 X: 0.5
Y:0.3183 Y:0.3183
> 02 > 0
017 0Ly 05 X: 0.51
Y -1 Y:-0.9995
O I

-1 | -
-1 -0.5 0 0.5 1 -1 -0.5 0 0.5 1

B 2-7 =R =AM IE AR R S5 S5 R

2.4 LERLER

2. 4.1 SEISIASEAIEHE 42

AR EAR A PR, BN A TSRS . B—Fhig CIFAR-10 #dlide, Hh
60000 7 RGB B K kI, HEikIE A N 32%32 185 . BdEmndtnrh 10 25, A4 KL,
5 RESE HYr s DINGESF 1 MRES, B NEIRES S 10000 5K & F1451,
NGRS R 10 ANZEHIFEEHL 1000 5K B A 4LR; 4 10000 5K B4 il ik 4 . 55 — b
J& CIFAR-100 %445, JLAI CIFAR-10 L= —ANEAREE, 439 100 D2, 100 AN 2EA1H A
20 MR, BAKETH S AP IGEMMIRERIR] 5 F1 CIFAR10 —2,

F17U 52 ;W
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EE4F B UM EE R ERTIRT R

,
&

N
/.

airplane %% ¢ . — "E'E
automobile (S o o BN = Eles <5
bird s mllE VE K 5 et
cat B R o B S A E =
deer [ PR 9 N PR
s [HE-<SEN p [ $IWP
frog Bl =f IR
horse H-m ._- _'
ship ﬁﬁﬂggﬁlﬂ Bl »
truck dﬂh’ iHi

& 2-8 CIFAR-10 &M KBIE 4R

A 250 1 B 2 H AR BAE RS Bl 5 iR AN & b (REERTER ISR AN S0 AL By
BOE TR GPU 4 o 5256 v T4 FH Y & NVIDIA 4 7] i) GeForce GTX 1080 Ti 28 %! ) GPU.
LIS FRIE RS0 Ubuntul6.04, 4i F2 18 5 N Python3.6, S5 SR 7 VR 2% ST HESE N Pytorch,
WA 0.4.10 F 5 HARPREE 5 STHEZL 5 K X @ S FFah A M s AE 5, B8 7 (bR B
SR E AT EIEI Ko

2. 4.2 SZIGAE FH R 25 25 44

T G4SN 2% DL H RS X 4 A A 0 A 732 B I N 5 5 0 A ARSI
A SEEAE N VGG-like Ml ResNet XA N8 E5H] . VGG W 245140 Hy A=K 2 1Y
Visual Geometry Group #2 i, HAE ILSVRC2014 FIEME R F IR 4 . /LI ff
13 VGG MR W 1) VGG M 251 A X, BRI Z A VGG-like M
%%, 1M ResNet MZEMNH Microsoft A ) Kaiming He %5 A$gH, HAE ILSVRC2015 HE1E
SRFERRF IR E, I H o FRUER Rt & T HA M 25 4544 . 7£ CIFAR-10 F1 CIFAR-100
Sgs e, FRATTSE FH ()72 ResNet-20 3X T £ 25 4] o S8 48 FH (1) 5 FE Y VGG-like 1 ResNet
W28 S5k a0 BT s
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Image(3,32,32) Image(3,32,32) BasicBlock nchannel

feature

RelU | RelU
-

-
I

v

®
A

output_feature

|

v
pool, /2

|

=
==
=

(a) (b)
&l 2-9 szu6H B VGG-like 1 ResNet P4 451~ = &
((a) VGG-like P4 (b)ResNet-20 PI%% K H A BasicBlock f55t)

X T2 MM 2% R, B ZE AN AR R W 4 R B XOIHEERZ 2l /21855 LA 0
HALH o T BRI ARG L I 2% R R 4 5 4L DX A B

input

Ll

B 2-10 2XFENBMEUMBIEMEZ S EER

B R ERHEARM A GIRERT R, EHELREREMER. FR4 e
WALZAA R )G, HJaiEid Hardtanh pRECHGE . fE2REREMEE T, B RMAERE, Jf
HEJG BRI EOY ReLU. HIRER — 0%, MEHE—ZRmANIREN, B ZHAH
B2 R UK AR R 2K

2.4.3 “fEA. =AM SRR L X EL S
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IXER Ay EE L T AN = AEL AL Pl 190 2% P BB R 551, DA S, AR AT — R4 I 285 r
A3 L B8 22 H06) B¢ i I 465 1 R ) S

T 56fE CIFAR-10 ##E4E BISRAHEE . —(EA =(E/H VGG-like M4, LR =Fh
TEWL T VGG-like W 2% At % i 21 {1 5t i A HE AR 28 o = Fh 4 28 )1 253 A2 R batch K74 100,
WIGRIEARIRELCH 200 I, INGRBT R A2 Adam, TEEEAN IR FE A8 A I 1= 0
IR, IIZRI 2 ] A4 ] warm up+exponential decay [ZA2 2% S K153, /T 20 AR E 3
S YRR, BIAEOME; JETH 180 AMNIEAE A ST Z BRIl KT AR X 4 5 )
RIMH AR KRAEN 0.02, StF AEHALMLE I 2% 2 R ERMEN 0.03, SFF ={EHALM LT
BRI RAE N 0.02. S5 180 MIEAE A ) R A Fa Hos A XN

lr(n) — ll"< n—warm _up

in it

gamma — O 0011/(epochs—warm7up)

T 2 FR L B AR R E Y SR U6 B 0 K 27 ) 2] LAk 38 43 Jey 350 e/ o, I HL
IPEARIN SR AR s AL DI 2R 5 BRIZ N 2% 21 286 R Tl T2 R i /ME., Jilk/INME 2R
/MEMIT R -

TR VGG-like MIAFE LML —AHAMZS LA = HAL 2 CIFAR-10 L4 I
T Re A% 18 3] (1) f i HERF 6.«

*gamma nelwarm up+1,epochs] (2-38)

£ 2-3 &RE. “EFZEL VGG-like ZSTE CIFAR-10 _FIPRERH R

float binary ternary

0.9353 0.8987 0.9156

N TH BB O B A N 2 B I R R R O e B R DL R R . S Ek . A
VGG-like P25 FMRAE AR 2R 28 .

loss
testing accuracy

0.8

0.6

float
— binary
ternary

0.4 0.45
0 50 100 150 200 0 50 100 150 200

B 2-11 &RE. ZES=M4 VGG-like PRZ& 47 5% B SR M = v 22 &
CEM: —EAMERERH ML AN 2BE. LS =E0NRERREL)

Hi 2-10 FIHIERAT LA, AR TR BER4E, B2 2ol ok — s e 2 Bk,
{BAE CIFAR-10 X Ff/NIUREAEEE b, HERRIRA K MR T HEAMZ, =(HEAK
ZRAE M X HER R SR, X BT AR A R4S B A L AR IS DA 45 X 4 0k e 1 i,
T AR B X TR IS R 25 12 AL RE /1B 5. T TPk CIFAR-10 TMREE () 6 FEAS, W%
FUAE A0 2 D0 248 AR A ) 4 v 5 2 RO R Byt AR 0«
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& 2-13 CIFAR-
VGG-like %%, R

el

AR T2 8 (HRSR M — R SRR E A, JF HILRES SR A A it
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L =AM IR . =AEA R 28 b AL 2% B O, R RUONHTZRFER U AR E, A
15 )5 AR T 73 P

W4 28 K /NI S T2 AR I 2 1 X T g BE I 2% B AL 54 i £, X A8 20 32 21 14
VGG-like 28454, X b —AHAL . =B DU b FEE X 2% 8 19X 28 K/ IN ATz B 18] L RO PR g o

K 2-4 CIFAR-10 4L L& E . —E LR =E1 VGG-like FIZHARFI K/

After Compression Actual Compression Ideal Compression
(MB) Rate Rate

Float 51.90 x1.0 x1

Binary 1.70 x30.5 x32

Ternary 3.55 x14.6 x16

3R 2-5 CIFAR-10 $4E4E L& E . —EM U KR =E VGG-like M4 JURFE F i 6]

Time Consumption Actual Acceleration Ideal Acceleration
(s) Rate Rate

Float 7.300 x1 x1

Binary 0.146 x50 x58

Ternary 0.243 x30 x36

FUAE B, AR =AE A I 2R AR R A il DA S s RO T B AT B R 3, PR —E
AN = AL IR 28 I AZ AR SR SR HE R R 0 2% o DRI JRAT T 75 S JE 2B A e A T L AN A il AT IS 5
T JBE LA _E SR T A A AN = A AL 2R R

2. 4. 4 Le R BORF 5 B 2 B0 ) S 56

L5 R BT B4 2 M gE s 2 A I — MR U N 2, T IELE T CIFAR-10 #diE £
T A2 RN =140 VGG-like W25 A0 EL 51 2228505 Vs I Be ) AR B e f 5 . Horp A
S — 8. EAMNGERRKFE I RG— N 0.03, Z(HALMSE R KA RS —HN 0.02.

*® 2-6 “HENWA=(E4 VGG-like PIZE (GRINEA NGB RED) MAHERR

Binary(with coefficient) 0.8990
Binary(without coefficient) 0.8987
Ternary(with coefficient) 0.9073
Ternary(without coefficient) 0.9156

=

1 3L 52

=

22
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training loss
testing loss

Loss
Testing Accuracy

binary(without coefficient)
—+— binary(with coefficient)
4+ ternary(without coefficient)

—+— ternary(with coefficient)

(0] 50 100 150 200 (0] 50 100 150 200
Epoch Epoch

& 2-14 —fEHR=EHE REAARH 2E VGG-like M4 5 REAIMRAER R &
CEM: HARF=FANERREHE A0 ENN=E0ERERAE R
VGG-like P4 IAAERRE)D

N0 A9 2 B0 T A X 28 PR RE 1 B2 A A B, A ISPV A0 LU 451 28 250D I 5 R A e L 22
ANEAT L) RELI G o AV HT T L8 B 2 r o) 2R B g 0 55 S R, 3 2 o 4%
VA — A0 2 A5 L) R BN T4

BB R B Z NS oA X, BN R B M4t oX, WFEX—ZHT
—ERE—AGE, NI 3R HUS W 255 3 E AN T 25 R

E(aX)=aE(X) (2-39)
D(aX)=a’D(X)
S H— RS, A
aX-E(aX) aX-aE(X) X -E(X) (2-40)
JD (e X) Ja D (X) JD (X))

T A LA Z B B A X 288 RN Y B A9 R B mE AL N 2 AE VH — 40 2 S H e — B0, IX
HEBA T 62 A B LU RN 26, E A R B8R SN IS T 28 M e 32 i i A s il o [RIAE T
PLUIEBAXT 43 2 8 2 LU R 5 2%, BT 0 — R AFLE, LB R B0 T 25 PR Be 4 - AN B35

0L P A 5 A A X [R) R B 28 LG =B AN 48 ) B @ 14, 1 12 B I 2 A i 1
T MR (R 08 B (A PO (1), BT b A v R R — A B R 8k LA sk
BOBUE BRI e ORAB, AT FR M B2 A LU R AS E S 8 A 7t 32 B0 A = (A
A DX 24w R B DX R A R, R 3 —AEL A X 45 1t BB R X 28 R P R &R o

B =AM 24 CIFAR-10 ZR4E E RIS 26 A N 28 B FE 2 TR DR &R, K TA
[i) Do) 265 6 0 i, 428 1l FL A Y 2% 2 BUAS A8 (batch size=100, optimizer:Adam, largest 1r=0.02,
weight_decay=0).
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—}¢— training accuracy
—¥— testing accuracy

96 3

94

accuracy

92 -

88

86 1 1 1 1 1 1 1 1 1
(o} 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
sparsity

& 2-15 CIFAR-10 354 E =15/t VGG-like M NIAMER R 5 M E R < R £

B 2-13, W DA HILRE A X 268 B 5 B8 0, —fEAL VGG-like 28 I HERf 22 S5 19
Je BERARG o 2 18 T ) 2530 A A 25 398 o i R A2 IO 208 i P58 18 0 A 15 X 286 02 AR PR e o, 76
INGREEEE E i S G 1B DLk a5, 76 MR S EHER 252 Tt o X AN FILE M 28 8 I dropout
S EE A0 (EBEE 48 R 50 P Ak SR 1IN, W48 IR T AR 55 TR, X[ 75 9 2% 2 ) 1k
B, DRI DX 28 AR HE AR 2R T B o I 28 e i SRR I D 0.3 RS g T 46 T B, T IR 2830
RIER RN 0.5 BH RGN M. X HIEA R IE G AR FZALRE ST XS B, 1M
ARSI IR IR L 2% BLSE I PERE . 48 S RFR SN 0.5,

2.4.5 “AEMAN=AEAL R 2% IE AL 2R 51 SE 5

TAEAN ZAEA A 2 IR WAL BT R B AE 2.3 T @ BLE R, AT i R A
CIFAR-10 #4a5E, 1ENZ A =(EAN VGG-like WL ITFRH, WS IIAS [FFP 2 4 1E 04K,
(L2 e, Z2IENe . AR EOENE . R E S B R AR, B FEAEAN [ 0
B0 T YN SRR 22 A0 X At 26 2 1) 22 R DL R DU AE A e A O, PR R S A N 45w 1 1 0 £k
BN o

AR A S P IE MG R, SEER TR T AN IR L I —AE A 2%
L2-1E WA I ) —AE A i 285 DL S b 22 T QO AR T ) — B AKX 28 72 CIFAR-10 _E I HE
o S RIENLRECN 107, HALSHIIREF—E. (batch size=100, optimizer:Adam,
largest 1r=0.03, weight_decay=0) . F& NLILEH.

R 2-7 ANFIERAIRN T AL P 2 IR AER R (R R 0N 107)

Regularizer Training Precision Testing Precision Gap

None 0.9495 0.8987 0.0508
L2 0.9546 0.8890 0.0656
Polynomial 0.9306 0.8849 0.0457

H24 71 L5270



T w x4 N7
= s o ovo B B GRS R MR 2

ATLAE S|, —AEMSAEINZ BN IUE , IR 22 A v 2 2 () ZE R A —
SERESEI/N, AH 22 T CIE AL TUAS BEAS 156 9 22 A HE R R 52 T o a0 #r, LSRRI T06;
T AWML FRAER, XFERGT ZEMMNERARmBIXE . FEAATFET+H 5-1
R E S EN N+ 81 IR ARERETS (B A M 25 SE IR EE, A Refli Hz AL
VAL

“AEM S S E R X ], BT RO T =AM 25 R — e e, TR SE0e
FEOTF L2 1B, 2 W0 WA, ) 3 e 250 1 D A DA Jo 4] s 5 5 D AL 30
W 2% 1 RE R o SESS v IR WAL RECH 107, $H Fsin 1E AR 2R i KB AR TR, R 2 1i0E
ML B 220y 4, TESZIENACTRELG R0y 1, 5L R EBOE IR LG RECN n2. HAhZ
B —2L. (batch size=100, optimizer:Adam, largest 1r=0.02, weight decay=0), |sZL5 24
RUTT PR

& 2-8 ANRIERIRREL T =AM B AR RE W (EULRECN 54107

Regularizer Training Precision Testing Precision Gap

None 0.9814 0.9077 0.0737
L2 0.9481 0.8947 0.0534
Polynomial 0.9288 0.8914 0.0374
Periodic 0.9265 0.8887 0.0378
Periodic Grad 0.9446 0.8946 0.0500

X A — AR AL SRR, AN A IE WAL 2R K, 3 8 i A 451 2% o 50 I AL T T F
B, IR A R80T =AM 2 HER 252 . T i S 3et  = {8k VGG-like )
2%t AR TR IE AL T R S BOE NG, SUR IENE RS FAh SR 264 F0 L i S ie:
—e

& 2-9 AR IENALRE T =AM IR AER RPN QEUT0N R R S50

Regularizer Training Precision Testing Precision Gap
5e-5 0.9068 0.8814 0.0254
5e-6 0.9105 0.8850 0.0255
S5e-7 0.9446 0.8946 0.0500
le-7 0.9733 0.9066 0.0667
5e-8 0.9786 0.9053 0.0733

PRI E AL BEAT DI 2R A = (EAC N SEEBUE S B Al o, 40 R R -
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(d) (e)

K 2-16 =ZEAMLIMAARFEIENALITREL S VGG-like M43 7 ERUESEH A6 B
((a) HIIENAL (b) L2 ENAL (¢) ZTHRIEN4L
(@) FAERBIENLL (o) AR FHIENLL)
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(c)
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(e)

& 2-17 A &%ﬁt@%ﬁtﬁﬁ%}ﬁbn)ﬁﬁﬁx%ﬁ%ﬁ}ﬁ VGG-like P45 BUE S ¥4 47 B
((a) AINIENAL (b) 5e-5 (c) 5e-6 (d) Se-7 (e) Se-8)

%0 —0.2% 000 025 DS 078 1

ATUVE R, I L2 AT A5G N AR BE 2 BUE S H0r A (e 0 B, T 2 305K
TEDUA R T R I DA B R i S R 50 5 AL T AT A RUE S B0 A4 0+ 1 A-1 k.
IMAIERAE TS, 280004 BE 5 IE BIFATHI TARRCR o INAASIR] AL TS (9 25 S 2 400>
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AT AN, TR BOE AL TR WAL RCR R, LA =R BUE 2 81 30H S 80)
A, AR IE AT G, BAEZ AR —E S A, BEE IEUAL R B0, B K
THZ B ZH I o LR . SR, TR AT T- DU A 2 5 T AN 2, 38K TE AL
Ry ARG R T, TSR BB PR IXANBLR A — MRS BA T R AL
0 28 1 e A 2 R D0 I BUE S 80 AT (B s I AN — 52 1IERA , PRI BRATT 75 28 S HCE 4 5B IR kiR 70
o

2.5 RENG

A5 E R EAL T I NGRITE AT A BRrIE S =AM T A = AR5
FEEA T L, E B H) R BONANT HE B RBOX PR E AL 75 30, 85 SEa6 7 B il B L
Bl BN TR iR R TERE A K. EINGTTE L, EEM AR TSR, kKT
T R RS BR RO S B AR O . AERT I LU RO T, S T L1101 )RS
5{0,1} B ZIHIEHI NG R, wRIRMEFE O AIa R . )AL 280l
RO RESEL LA EAE R AR, 1R T (EAM = (A AL I IE AL TR 2K

SEU 8 B R S BIME B L SCAR AR SR ] B I 2 5, BEAT RS E 2%
AL AN =R 2 HE R AR BEARARR DL K S R =S5 T PEREXT B . AT FTLE B A
ORI GE S 800 T A REEM, IER] — 5 Mg mT LASR i AL B R o B WF T A0
IE A TR —AE A AN =B AL R 28 520, A BT AR I DA T R 408 £ 1) 2% ASLARL 20 AT 745 45 3RAT 193
18, HARES BT R MR AE R A, Ul B BA TS I WAL 1 SE B0 iR AN — 5 1E 4, ]
7 BRI TS A SRR ST IR RN TR N o IX A0 & T BT B Y ROVR 5 LRy B A X 2% P i itk A it
R, A HRr R A 2 B BN = (B S AR T ) — B
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E=F BEEHLFEANE

B R EENR TR ) AEAG R = AE A, TR EE 28 K S E o A O —
ANEE PSR RIS, TG T ITA KR, BRI B R 2. mskks
IR LI 284 — J2 0 T A B BEOR A — 58 —Hf o AR ANMRE R, BATAT LA IR L I 284 —
JE AN LR, 72 VF— B HER R BURIG DL, (A P28 540 RS AT RE R . FESLLE 5
Mtz BRI ERSEAKRIIMG)Z, B XS =S RN NRE
PR AL R AT . SRR S U AR, FEARNAERR R BUR T, W4 2 EeRsmT
PAEfbE | PURRE 2 LR Z Al

3.1 IBIP A A

B IRR & LU EAL R AR O A R Y Sl YA SRS VR £ EUARR AL
Vﬂé%i%ﬁﬁ%eﬁi”“aa‘ﬁ%z%ﬂﬂi ST A SRR T AR U s DL e B
W E T M ZRFIE IR TT, 1) WAL P 5 2 1 LU RS RE S (6 I 25 RO HE I R A5 2R T T 28 — A SEie
FEXS T W28 B — R HH AR T 20 PR R T, 35 XA IR R Y I 28 6 = P AR A A Y
VARG

3. 1.1 ZHAFEMSELH G

Xof - 4 () B AL AL HE T T I AUE « X2 BE B A N 48 S E AL, AN E R T
B LR A R R o SR A BB AL TR A F BT H ) DoReFa-Net H & b7
B3, FATHE CIFAR-10 F1 CIFAR-100 P4 I 7 EA FEAAE LT Alex M
SRAFPERL, JREH T 30 ANZARE T S AR A R B DI 2 AR B A i 2 . szii
HAWPR R IRIFFAALR, 22 ) AR R TERT 5 MBI, &MEN 103, 7555 10
ANIEAA I ES 20 B A S 58N Ay 5%10-4 H1 104,

Horb B RoR B H A B — AR AUE R TR, 58 AR WS [ E LRy, 28 =07
e SRR ATRURIL, S SEEM RN T 4 B, PR EER R 9 SHE
FERER T55T 6 LUArRT, SE0E A 0 0 2h 9 26 14 B SR S mm A5 PR, LA 52 10 ) 245 124 e 1)
2 B X 28 AR R B ) R B R o DO 8 AR R 3 (L 5 A DU ARF 38 o, R 30 7 0 K
FAEZHIRE L, WA SR . /RS E L, SMET T ™%
HER BRI ANK, AR LU RE I 2 A SRR SR BT E s /e KRB 4R b, ANF &
AT B N % 2 8] 22 BEIZ DR K. DRI X 4% ELARR A0 X6 T IR 25 P g A S IR 2R

R 2 sy A |75, BEE B R H S 2, A ARFIE K. &mﬁfﬁ

AT AR /N 0 WX 2R R RT3 R 22 LU 28 A0 A, DR AR HH VR & DR I 8 254« TR D

REI 25 LU RF B RAB N 2 /D e — AN OB A @,  #RYE Ttay Hubara HSZEGZE R0, 8 l:l:%lfl%
(I HE R 2 0 Ak P I 25 HE R 2, DRLIG I 4% LU AR B0 AR B 8 LU
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3. 1.2 WIZ%IR 2 5 AR AE ] 43 PR 5

TR A LURE b I 2 B A LR AL A R 242 BT 2 A A T AR A, 1R VR B B b LLARR I
BT AN AN EE A AL, AT T SR 2R RS R o X4 2 i 4 1)
B, AT 2 A TR R F B 7. SRIR R OR P PRI 4E 777, PCAM2IRN -SNEMI, A
F BRI E VGG-like 2% . S 4 5t T .

e 0 -
L I - 15000 o
. 2 = ;
e 3 10000
w01 3 4 o 3
o . 5 . 4
B & 5000 5
01 o 7 &
. B a 7
el [ 5 8
-5000 9
-
200 ~10000
-300 -200 -100 o 10 200 00
outputl
(a) (b)
15000 .
150
2 .8 b g
.
10000 . 100 . 2
e 0 . 3
5000 e 1 - o i
| e 2 . 5
b " e 3 g . 6
! e 4 g ° . 7
e 5 s B
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(c) (d)

& 3-3 PCA (&4 F VGG-like M4& AR R 2 A [F 2R B RAE AT 20 B
() FB2E M) FBSE (FVE (W F2uE)
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-t ‘A% B eeptan | s ol
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a
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| 1% : .
NIPE: =l e = . W
o PY 6
4} ® 0 7 M’
-1
151 g
-20 7 =0 -“’
] oo . <
-30 -] - —40 - -
30 20 ~1o o 10 ES E
. -60 -30 -20 0 F- a0 &0
2
(©)

(d)
& 3-4 t-SNE [£4E T VGG-like P4 AR FEA RIS BHRRAE AT 4314 &
) F2B8 W FESE (OFVE (D HE2E
F T t-SNE FR4EREE A TR PR, FR4ERUREL PCA I, IRAESEIGEE R, BATAT
DR BB AL 2 208 0, B b 28 4 HRRFAIE T 2 PR RORER LT, 4 ) 28 31 AR AR A 40 AT
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ORGSR ot 22 TR BE B BORBR . BR Xt T4 E RO, JATSEH 1B
HOZ JZIEIR LA o XF T AT PEANGF B 2R AT EE 2 B AL EURE, X Tl 20 R4 =R
AR T

3.2 FEHHENAN

TRA LR AL I 28 T 5 2 LURPAUEL AT IS AR, PRI A 2 DA M 2% 2 B s (L
Z R R R BT E =AM IR T, SRATTA U B X TR RE A% 57 v 0 2% (A PE RE
IEFRATIH2 tH 1) 22 ey Al 77 s MEAHE 1) DoReFa-Net W25 &AL 77 A, AT 2 L
R AT S A R B X 1]

W4 2% FRBUE 2 B R AR R B A T 2RI /2 rounding BEALIMZ . X TRIZE R R AL
HIBUESE w, HABUEVEREDA[-1,1]. SRR ER

quantize(w) = sign(w) * round (|2VZ,‘1*_(?1(_1 - 1)) (3-1)
Hooft sign(w) Rt T w BV B0 round WIS AL SBIEIX AN AL, 40 AL ELAS
k, mu%1&%%%ﬁmfﬁﬁ{_L Xl o Pl 3 1 0 1 30k o ) . A ok ]

2 T /AR Ly S L SR I i
MEIE. EAIEEE 0, EXRETRRXEEE AN 1
260
S FEALRT 23805 E a, Soillid Hardtanh 2K BUE G R HON[-1,1], BT ReLU
A5G FE PRI ZE[0,1]. B AL RN

quantize(a) = C€il(a2’:(_21k_1)) (3-2)
Sk ceil (A1) EBUBBRHL, S ERALECH K WRALIORIIENY ) 1 2 2322,
A A G

BE 2N EUE. BUBEES 0, ERRA MRS EIRE a v 0 FImHE, Eib)a R
WA a 48 0.
DR HeRr AL T 30N W28 BB A0 A B R 2

1

o
[6)]
quantize(a)

quantize(w)
o

o
o

1 05 0 05 1
w a

B 3-5 4 FRUEMBEEERLRER

(EM: BESHEL AN BiEEE
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< x )
) X EAAAF
) s o Tox ks B SRR B AR

3.3 MELEMFINES L

RGBSR S5 5 AR ZRAL, ERXAE PR B mef - ZElk
PURFRE, 7352 TEAEREA BALZ IR TN E %E L GrapMap JZ .

KRG ZRAHRF SR E, EEA AR L . 55— mURAREE 25 1282 el RS AR
R PERIBE TS, AT R SO B AL LERR R H AT R R B B PR B - 28 2 M
2P REAC LU R R B £E 1 HURRPRN 2 BR8] R OB AU

bit, = bit, > bit, > ...... > bit, (3-3)
L
z bit, * param s,
avg _ bit = =1— e (1,2)
> param s,

Xof T A SR 3 M A AR JE 2 S B, VGG-like 2% ) EAL EUARR AN 8 ELRFTT 4R,
FANGIRZEH LM EREA R R 2. EALEE R 1B, JEHE—BREFEL RN
1 A48, 15T ResNet M FIEAL LR EH , B—NERUZEN 8 LUiF, Z 5% BasicBlock
ECRSECHBRUL 2, HEELEREER N 1K, SRS R AL LR BN 1,

AR R AL I LR E XS T 5 2] ZE M B SR W AN — R o a0 SOk 25 2] ZRBR MR ERE L T
Pt A2 K, BRI 2, AN B 2 1A 22 (N o G SR A R 1 5 2 i,
o S ERE R B AR ks Rl A, GRS AR e . B TR, AR
B Z TR ZEREER R, R SRR A i /N 2 S R, B S R 3R 4 R s i Rz 18 .
TIRA R EAM L, FTERTHREEMAL BT = I R TR Fki&it 7 GrapMap =,
X — JZ IR A [ A R i AR R

Algorithm 2 GrapMapi i) £ 5% F1 2 [ 3R 5 Sz E

Require: HANEALE 2 B =M $Z Bibitgap
Forward: g,=g;

. 9L _OL x __1
Backward: d9: —dg,  bitgap

GrapMap £ EAE M TR IASR SR, X FHrmERE, EEERSHRSFRU AT 1
I, XA BAL R AR K . SO S EUE AT 5 ST R A R A
FMAZ AL, AR 2T BT 2 2 3980, ATTIE SRS AN 7] Ak PR BoM 122 ST R H .

R T2 B4R K ) —AEACA =B ALK R R S5 LR B AL I 45, VR 5 LR R A X 2%
[ 2% S ) AT L AR AL

imnput inmnput

Bl 3-6 &= 55 LR X 25 VR A Lo e P 2% BT A B ]
(M. BESHREMLE AN BEHERLE)

F3200 L5200
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raiiss
e swanaal 1o Tons ety RA K BUMEE R R ERIATR

VR A ELEF VGG-like X 4% 25 #) F1 ResNet 48 4589101 Bl 7~

Image(3,32,32) Image(3,32,32) BasicBlock nchannel(k bits)

I
*

pool, /2

|
il it

& 3-7 VGG-like A1 ResNet B & bR MI4% LA 2045 [

VB A LU AR I 8% 5 A R S T SR G B R A B R X 2 kAR — B, #R¥E STE (Straight
Through Estimator) B3¢ AR, 451 2K bR 5O B A R AR 1) S E80RI 451 2K 2R 500 T B4 5 A Y
FHEOAHEE . W2 BRI ZREE 3-4 715 R Algorithm 3.

3.4 MERILLHIER

BT AN =AM LR 5, R A R RS U ris B S A S, By
IRE R B S B EE R 0,1} 3 5130R . BRRBUE R ECY k R, BuEE
EAAECY m EUEE, UBUE R RS 8T LRI

k-2
c, (w )2
% 1 ¢ (w.)=0 (3-4)
2k—l _1 k-1 i
W= k-2
> oei(w)2!
- 1=02k_1_1 Cp  (wy)=1
T AR ) & A7 T AR R N :
m —1
¢, (x,)2'
I lz=0 : (3-5)
' 27 -1

BRBBUE R w R A, o B S N EREE N 0 Mo, B
AR B D B 20 B 008 we AT wvoe R R (E R BAZ IBUE =R 5], 2 AN,
10 ap 1 ano JUEAJEBUH A S A0S (1 R AT

33T 52T
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v
P
FESN
o

n n, ny
kg — —
wra=>wa =Y wa +> wyay
i=1 i=1 i=1

k-2 m-1 k-2 m-1
n, ch (Wpi )2! zcl (Xpi )2! ny 2C1 (W )21 ch (Xni )2!
_ 1=0 1=0 _ 1=0 1=0
( 21 X 2" —1 ) ;“( 21 X 2" -1 )

i=1

(3-6)

1 k=2 m-1

- T 2 (popeountfand(c (), (5, )]~

popeount[and(c, (W), ¢, (Xy))]))
X T ZAEM=AE S, 2 LUR R AR LURHa 5 B R R 2 B, TR R 2
TR A FRp 2% R AE SR R A T 22 b AL T 3, Ky S LUy, DR AR A T 2 i R A
Z R RN, BRI R B2 G RARTT.

Algorithm 3 -G LhAE A0 K 28 Sy
Require: — Nbatch[P) % AN EPE F XS N EREZSE (ag,a™), PIZS 1) LS ) tbitmap, iR IEAR
JE I E8AUE Z=20W, B RGEAGE R T — 1 )Z2 =20, BB RS> %6y, SE3] %

TEYRZFUN

Ensure: MATEAEF)SAESH W, HHSA-—AL)ZS o, LA HIS 12
= gyt l
1. mAIEfE %

for £ = 1to L do
Wl<+—Quantize(Wy,, bitmapy,)
sp<—af_ W%
ap<—BatchNorm(sg,0%)
if £ < L then
af<«—Quantize(ay, bitmapy) (BFFReL U JZ=FlH AL 28 250
end if
end for
2. REIRS
L o0 e e — J2 fh Hap BA A B PE bR Zsar, b ST 45 O pR B XS T I S — )= fan HE AE 1 B
S g, =2k,
for £k = Ltol do
if £ < L then reammas

9
P

ap
- . Yap - . = 4 R 1] sk B
Baw 14— grrmatr sy (GrapMap)2 (2 7] 3R 5
. L
Car<L8arTL|a,)

end if

(gsy> 80, )<« BackBatchNorm(ga, ,Sk,0%)
al | 8s, Wi
gwy —gs, Taj_y

end for

3.BHEN

for £ = 1to L do
Hlt;rl(—Update(Hk, 77, ng?)
WZ*l%Clip(Update(Wk, 77, gW}g)"l)l)
nttle g

end for

3.5 SLWWRLER

3.5. 1 HERAFNTEL

AT R VGG-like F1 ResNet-20 M ZEAESL, 7E CIFAR-10 A1 CIFAR-100 (44 I,
9534 BT 4t 52 T
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X A ZEA LIRS LR B X =P a5 T SRR L, RAE R EMN
VGG-like 1 ResNet JA FLARF 26 I LA 70 A DDA AE 3.3 THE 2. YIIZREEN 50000 7K s
MAEEN 10000 5K & Jr o batch size 22 100, 47772455 Adam, weight decay 4 0. %% 2] %
KHI 2 5 - F I HE R warm up+eponential decay™lff] 7=, HoA —E AL M4 K
SN 0.03, SAEE. SRR A AL R R4 B K2 2 RN 0.02.

R IX =R AL SR R VGG-like P45 Fll ResNet-20 2% 7E CIFAR-10 #3585 _E ik 51
AR . (R 0928 iR A Eds 24 fRT R 8-4-2-1 RRIZ%)

% 3-1 BILKRANEE VGG-like 1 ResNet-20 P48 7E CIFAR-10 33245 s BRI =

VGG-like ResNet-20(inflate=4)
Float 0.9353 0.9340
Binary 0.8987 0.8864
Ternary 0.9156 0.9027
8-4-2-1 0.9169 0.9088
. Binary . Temary , 421
|
: 1.5 |
%) ' ) %)
kel 1 o o !
05 ) ) 0.5
00 50 100 150 200 0(; 50 100”77%;’);HW2’00 00 50 7&)77 150 200

epoch epoch epoch

& 3-8 —{Eth. ={EMDLRIES R ResNet-20 P4 7E CIFAR-10 $3E4E | loss B4R
() ML ) =B  Q)EA ML)

testéng% accuracy of different quantized VGG-like network on CIFAR-10 tes1t|rjg accuracy of different quantized ResNet-20 on CIFAR-10

testing accuracy
testing accuracy

0.4
!
055 — full precision | full precision
binary 0.3 binary
0.5
ternary ternary
——8-4-2-1 ——8-4-2-1
045" 02"
0 50 100 150 200 0 50 100 150 200
epoch epoch

K 3-9 & EM=FMEN VGG-like MZ%F1 ResNet-20 MZE7E CIFAR-10 R 2R i 2%
(EM: VGG-like %%  £l: ResNet-20 PI%%)

FATAE CIFAR-100 F 347 [EIRE X L S206, A1 CIFAR-10 EiiE SEAHEL, CIFAR-100 %4

H357 452
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ERMNBEZ,

PRI R PR RIS HONAE CIFAR-10 SE56: A FT A 21 B Bl — 2

% 32 B ELRE VGG-like fl ResNet-20 P4 7E CIFAR-100 $iE4E ik B =

VGG-like ResNet-20(inflate=4)
Float 0.6948 0.7469
Binary 0.6558 0.5973
Ternary 0.7121 0.6317
8-4-2-1 0.6929 0.6578
5 Binary 5 Ternary 8-4-2-1
training loss training loss training loss
testing loss testing loss testing loss

loss

loss

loss

0 100 200 0
epoch

100 200 0 100 200

epoch

epoch

& 3-10 — {4 =4 DL R IRS R ResNet-20 P4 7E CIFAR-100 3545 I loss f4%
(1) BN 2) =ELME  Q)BAE KM

testingO %cg:uracy of different quantized VGG-like network on CIFAR-100 tes&igg accuracy of different quantized ResNet-20 on CIFAR-100

testing accuracy

I — full precision
0.2 — binary

‘ ternary

| ) ) —84-21

0.1

0 50 100 150 200
epoch

— full precision

— binary
ternary

— 8421

50 100 150 200
epoch

E 3-11 &K EM=FPEI VGG-like MZH ResNet-20 P4 7E CIFAR-100 #ER 2 gl £
(EM: VGG-like %% £ l: ResNet-20 PI%%)

ATLLE 3, 7E CIFAR-10 A1 CIFAR-100 45 4E |, EALH] VGG-like F1 ResNet 2% 55k
HERR R BRS80S RS 2-3%MIH 5. FRA1$2 H R Atk A 45 M 7E X
PR SR e R T i AN S, JF HaE i =AM e R a5 R R 3-2
7t CIFAR-100 #(#a4E b I = (E A X2 HERf 26 1 T R FE 28 1B 0, X BB R A hE AL
4% E CIFAR-100 %44 HH IS A0, A2 NS H — @& Mt X E], I
W28z BE S I AR . MR 2

H36 01 L5200
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W g R , Sz
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g £x  CHEMEIEMEC el Ceamce
| E g B R
=3 = @y  PIERrRUEEs
i 2 11 [AUTEn (o § TR et
% 2 = 2 N O A
2 < =
SE 5§  FRSRRREREREN:
. I e oF DI e
ks n_ﬁggﬁd@mm&s m STl R FeR T
B NG > G i Teq Lo b B
= AL
%L = BE  CEEARSEI A
@ ® = m.mg@@ﬂ@m
5 & B R = % B 31 1 -
e = "
oo hmu — | A
=5 EwiwEcaEsem: = O A
= B o e e =
H & e
B gl
H B
£ &

B8 A

2

37
H

(d)

AL R IR A A VGG-like P45 25 -1 R4 F 5 H
A HEERI4)

D& EEAE, Ja— /DA

2

37
H

EALMZ (d)iR

)

SN () A2 o 2%
KR A LR S R4, TP EA LR AR IR A 2=/ VGG-like W25 Al
3700 52T

ResNet-20 /2% K46 K/

=

(b)

(a)RGB B/ (b)) {HHI%E (c)

(a)
& 3-13 CIFAR-10 & _E — {84k,
Foor T VGG-like %%, HAEZESHBE AU T :

3.5.2 M EA bR RS

GAZEES AT P NANY BN LS

=
L==N
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& 3-3 VGG-like BB EMEHEES AN B K EM LR

Number of Parameters Quantization Bits
Convl 3*3%3*128=3456 8
Conv2 128*3*3*128=147456 4
Conv3 128*3*3*%256=294912 2
Other Layer 12527616 1

TR L VGG-like W28~F 3 LA H0M -

3456 *8 +147456*4 +294912*2 +12527616 _1.06 G
3456 +147452 + 294912 +12527616 '

A AR 1,06 LURy,  IZE S48 5O EORIARR 1
30
T RE T ResNet-20 M1 AR RS H, 5 VGG-like M4 IEN G = BN
g /DA, ResNet-20 B 2% 5& 65— BasicBlock 34T =AW Fk /N
3 3-4 ResNet-20 MEZ X ESHAN B LB LR

Number of Parameters Quantization Bits
Convl 3*3%3*16=432 8
BasicBlock1 16*64*3*3*2=18432 4
BasicBlock2 64*64*3*3%2=73728 2
Other Layer 331776+663552+2560=997888 1

TEA LR ResNet-20 [ 48 13 ELAFBON -

432 %8 + 18432 %4 + 73728%2 +997888 *1 119 (3-8)
432 + 18432 + 73728 +997888 '

AR 112 oA, ZIERFAERAER 1 .
28

3. 5.3 BEAYAARURI iz B )% EE

BT S & CIFAR-10 ¥ 45 FIR A LR Ak 4% BT A1 48 B Ak Lok A B8 1
iR, TATWMR T EHA . =AEM DL IR G LR 1 X 25 1 S BrAss R A AR DA 78 I £
10000 5K & 7 E i FH () 3s SN [A]

R 3-5 CIFAR-10 HiE8E B K EKE VGG-like LT /N KRS ZRT

After Compression Actual Compression Ideal Compression
(MB) Rate Rate

Float 51.90 x1.0 x1

Binary 1.70 x30.5 x32

Ternary 3.55 x14.6 x16

8-4-2-1 1.81 x28.7 x30

#3871 452
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K 3-6 CIFAR-10 £ LB KSR E VGG-like W4 JI 12 H AT 18] %

Time Consumption Actual Acceleration Ideal Acceleration
(s) Rate Rate

Float 7.300 x1 x1

Binary 0.146 x50 x58

Ternary 0.243 x30 x36

8-4-2-1 0.152 x48 x52

£ 3-7 CIFAR-10 $(#E4E L BAV X248 /E ResNet-20 PR TI KN KR8 R XT L

After Compression Actual Compression Ideal Compression
(MB) Rate Rate

Float 17.4 x1.0 x1

Binary 0.56 x30.9 x32

Ternary 1.14 x15.2 x16

8-4-2-1 0.65 x26.5 x28

K 3-8 CIFAR-10 4 L E/L KNS E ResNet-20 P25 U1K12 BB (8] %] H

Time Consumption Actual Acceleration Ideal Acceleration
(s) Rate Rate

Float 5.600 x1 x1

Binary 0.107 x52 x58

Ternary 0.181 x31 x36

8-4-2-1 0.119 x47 x50

MR Lt A Hods, AT DA B A =B USR & EERF R AL VGG-like ResNet-20
FEMNAAER A . R s 4 50 R sk =0 1) =R PR RE RIS

VGG-like Net ResNet-20(inflate=4)
Bina Q
% 60 nay % 60 Bty
c 55 8-4-2-1 c 55 %
9 el 41D-
% 50 % 50 8421
G G
45 0 4
g g
@ 40 @ 40
[0} [0}
£ 35 Ternary €35
= 0 = Ternoary
30 0.9 3 092
25 09 25 09
20 0.88 20 0.88
- 15 . - 15 .
compression rate 086 testing accuracy  Compression rate 086 testing accuracy

B 3-14 =FEAMERRERE . HEERFR KisHinEREREE
R LA 2, BATHE R G ORI 2 O SUATEAR /N [ 48 3 2 J8 ST 2% (1 kAt 1
G SRR R — SRR AT, Ul I e A X 2% 45 M BE B ZE RS i /> B LU R 0 T 38 5
EALMHER AR

=

1 3L 52

=

39
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3.6 KEE

AP TR —E AT BT X A RTR A R R R 450, i Sl AN Se e 5 T
BAVHE VR A LURR A I 2 A A8 P 2 RN ER IR JE At o 22 LUARF B A0 X 48 S B AR RS T A I 2% TP A
FH 22 PUARF BB FH 0B B 0% 32 2 5 A IR 28 TR YR e 2, T P9 265 g J2- 8 LR AR 0 T 2012 S 6 e Vi
LR X 28 45 14 R ek EE R A4 DRI S5 3T s ek » 122 1 Sk 20 R TR AI I 2 e b
77 IRA BN S50 2 RFE AT 38 A 2 63 Wi X a0 2 eRs R ik
T WGINEMAFR SR GrapMap 2, (A R &AW LR ETE ST Fiin 2% 2] A
. f&)aiEid s, L VGG-like MZ5AT ResNet-20 A, HHEAFIFIRS B4 T
FEBUE 1-2 HeA% 2 18] 7E CIFAR-10 A1 CIFAR-100 %#i 45 %) b H 5 AL 1 = A AL I 2% 1)
DR UERF R . LR AR RIIE B R) o X 28 AR AR I SIS TR) 338 AR /NS VA BRI 4%
SR RFINTECR P8 vivg vy 2 W NI [ £ 2 S = LA < B 2 ) A [ G A )

24001 520
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ENE BUMKSMIREE

AR B AN 1) IE ML 735, O AR 30 AN W 25 I Zrid #2 2 w4
EAL RS I A S T A B A iR 22 R AT e/ DL N 845 5 2 AL AT I AUE S B0 T
0, EALJEMIZEINMG R SERFIR . MER R SAH, REZEFRBAIN R B ioE S
L AR T AR LS, B A BRI N GE R T, SRR Ea e s
/MU IRZE, BRIEATT I IE AL IR R AN — € REME AT . SR 45 RAR I BALIM 2% IE
T A TS SRASAEL G0 AT AN T P 28 1 RE e EE IR BB 70 A1 o DRI e — i IV ARVRAR B 287, 2R
AL B 2% T 2 PR 8, XA IR E EARBEAIA B, M — 2R E
SR FRTIX 2% SR AL T o N/ IN TR X 296 L ) —doil AR 7 3 e R AR AR 23-250, NI A X 2% il BEK R B2 ok
IE

4.1 BEIES Softmax it

FIARZREE IR LB 2 o R A SRy B, — AR Sk &, 53 4h—Ff2 Softmax
Wb E . XN T A2 REE, BSOSO k, BT A B S Y ) R AT K 4.
B R AR AR AEREAS I S A — N LBy 1, HARYERE Ry 0 BRI, T
Softmax i H #4145 (X — AN W48 R Jm LV R 1 k 4ES A& x RS EEAR A0 R AR

e’ ) (4-1)

k

2, e

j=1
Softmax =4 FHELAEJZ oy ) 8 SR o A Fe A 9 £E X TR] [0, 1] FBER 70 A1 o AR T

JEUA I E AR EOR U, Softmax Hi S EREER, I MEERMED . P A O E R

R A KR TR e E R, T HA S R T AR S R 22 R AR AE

S|

iCho

Softmax(x;) =

H (one — hot) =0
Kk X xi (4-2)

H(Softmax):—z c log( ke ) >0

k
i=1 el Z et
j=1 j=1
BRI AE ) Softmax %t 8435 Softmax 28 TR 4 HAE AN 4 ) Soft Target, bb i >k aliffi A
B R AF Ay Hard Target, 6l F 040U R AL MR . X5 T/ NPT, /N4 S it
A, G T ERRAE EAE, 255 A IR A e BLG . SN A2
FRRIS 8., (AN 25 2 40 O 25 A 5 VA 77 T, DT 75 5 A 0 R B SRS £

———

4.2 FMRAZRIBAE

N

4100 K520
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Soft Target 7£ M 2%V A0 77 T H A B2 X, FHRZE T 45 S Soft Target A1 Hard Target
(P47 Ao Hard Target SKUE T FEAAREXS B () F# R &, 177 Soft Target SKJE T teacher MIZ% I
E— Bt FERRZAM Y, teacher PIZEHR 2 EIZRMMR T 5 FRIELF, Bk
TR B = R 285 o X8 R (1, student P26 Fi I A2 52 21 BE JIAS A2, 2% B2 LMK Y X 45 . Soft Target
A Softmax i Hi & XANTEA—3, Soft Target &1L 5 A i Ja — E LM E i 2 ak F, BrbA—
MNMERERBT, FEAT Softmax IBHARHN, Rk F.

o7 /T (4-3)

Qi =
z. /T
> o
=1

2 T=1 i}, Soft Target MIJ5A ) Softmax %t fr¥F—F. WA RE T K, EAHFRRIZ
YRR T, 3RIRLE0, 11 [RIRE R /A SN2 . N ERIFR NG E 10 MM E e
A, EAFRRERET T, XM 10 4 Soft Target 1] & FIFAE B AifE Il . BEEIEE REL
WK, Soft Target [F] & 1) &7 B/ ATHOKCE 22, 22 B0/ . 18 241 2 RERETE 1L Soft
Target 1 P25 3R1F P2 A0 RE 77, (HIS ORI B SR EOK 248 o e A8 TR 2RI 3 2445 B F

I H O (2
EK%I)\%HB& R
K=1 K=2
03
L 05
a o4 n
T 03
; 02 2 o1
o -3
0.1
a9 E] 01
03 z
1 B4 . 0.2
05
o 0 03
e . T T e e T e e e e e
Index of Sample Index of sample
o1
n.08
.06
f.o4
802
]
0,02
0.04
o1
@ *m @ @ ST T e

Indere of Soft Targe! Vector
ndex of Soft Target Viector

W W B o0 @

K=6 K=20

Index of Soft Target Vector
w & mo@

Index of Sof Target Vector
w e & e

(a) (b)
Index of Sa.:'u:ie B

o - o )

- “
Index of sample

(c) (d)

A 4-1 AFEHEE RETT Soft Target H12R5) 2 7 E M0
(@) K=1 K=2 (©K=6 (d)K=20)
student 28I Ziid B2 4 2k B A EL S NSy, BB — M2 student 4% Soft Target £
teacher 4% Soft Target 2 [A] [ KL #4 /5 (Kullback-Leibler divergence), H A &1~ Soft Target
FfE B 2. 5 A2 student M4 J5 Softmax i FIFEA Hard Target 2 [8] (158 XA
PR, PRREA KT

4200 K520
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L., =aT’KL _divergence(QY",Q™) + (1 - a)CrossEntropy(Qg,label)  (4-4)

Hrp o R RS, BRI SRUIEN R EER . BT0v TR MNEDY IR R H 0
R PI R 7 B R R B TR 1 220, KL HRRE B BT = 2830 1 T 7 o T DR RRZR IR T
Az R 2% AN YN SRR

a 1 1-a
Teacher soft target Hard Target
0.1,0. 6 ‘ [0,1,.....,0]
. Prediction
(a) (b)

K 4-2 FHAZEE T 2N IIGMNRTERERE
(@ NEEE  O)REE)

EEEANNGISFET, SefANE x, ST 2R teacher B8, 114 Soft Target %l
o X T EARY student BLAY, | 013645 25 5 MR 2, 25— RS A X (4-3) 1t
5 Soft Target i, 53— EETEJE NE(4- DB IEH  Softmax it . it A 4-4)iH 5
AR R BUE, IR R T, HXTTF student BB S EHE S X T teacher £
BUARHHAT R IR SRS HE IR . EEUEFE, student B AT &R TH B 2R 1 0 H
21t Softmax J& 58 M &R NES R, BTN IE .

4.3 LG RER

4. 3.1 HERRZEXT LL 2L

AT FEH AR BER T, SIS MR E S BRI, LURIEA R
FERE T MIENLRE o MEHT, EMEAERRETEN . S256 A H i 2E 4o
CIFAR-10 ##a 5, IZREEAMNREER 73 52 BT & 19 AR F] o sSizga o F i B AR P 2 2 ResNet
/2%, H. teacher P45 24245 ResNet-30(inflate=4)MX%4%, i student P24 =Ff, iR
S1HE SINERBFHIT, 4 A2 IR A LLAF ResNet-20(inflate=4).  —{E 1k ResNet-20(inflate=4) LA
J AR A LEHF ResNet-20(inflate=1). 7E &AL ResNet M Z5H, 4% 58 & S % (inflate) /& — MR
HERHER, WSS ESAH R T6E I RRSS . NEIEISLKH teacher F
student (2% 7E CIFAR-10 EFIIRHERAZR 1500, b teacher 24 (45 FE ResNet-30) (1l
HEMIZEN 0.9340, TR = student W28 FIIAHERG 2 AE A teacher P45 W B 150 T Wl
WHERIZ N 0.9088, 0.8802 #l10.8165.

4370 52T
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©
©
T

©
©

o
\l

ResNet-30(full precision, inflate 4)
ResNet-20(binary, inflate 1)

©
o

testing accuracy
o
[6)]

©
~

03 F ResNet-20(8-4-2-1, inflate 1)
ResNet-20(binary, inflate 4)
0.2 . . . . ResNet-20(8-4-2-1, inflate 4)

0 20 40 60 80 100 120 140 160 180 200
epoch

& 4-3 LI F 3 teacher A1 student [f] ResNet P4 75 CIFAR-10 84 FMPRHERE

XAl =A™ student 2% R 51500, SKIRZHR B2 —E . H batch size ¥ 100,
PRALEIE N Adam, weight decay 5 0, %% >] 3K HIHTIH %15 warm_up+exponential decay J7
T, o AR 28 d R 25 2] ZE O FURE IR 28 d5e K22 21 3800 2e-2. T SEIEAL 1 AR ZE IR S 00t
TIIZ5k student P28 HERA 220, I RS R 2L IR IUREBES2 Tt student B4k 2% HERFI R I 22
MZEHE . RO E E R E, AR FE R DL R i R 8, AR A R Ak R3S
VA LLHF ResNet-20 Cinflate=4) [ 25 HERf AR 1L

916 % 92
915 " 018 [
/X1
914 916 /Y9181
5913 So14
0 »
o 3
8912 5912
= o
= = X1
173 a L
g 9 g ¥ Y:90.88
,,,,,,,,,,,,,,,,, n
917 90.8
c°r 90.6 | -
—%— with teacher network _ —#— with teacher network L
90.8 — — baseline(without teacher network) 904 jul . baseline(without teacher network)
3 4 5 6 7 8 9 0 0.2 0.4 0.6 0.8 1
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Research On Modeling And Accuracy Improvement Of
Hybrid-bit Quantized Neural Network

Deep Learning is superior to other state-of-the-art machine learning algorithm by virtue of its
powerful fitting ability. It is widely used in many fields, such as image recognition, natural
language processing and so on. However, there are several drawbacks for deep learning, among
which is its large size and huge demand of computing resources and storage space. Training and
deploying deep neural network often requires GPU, but its energy consumption is so large that it
is not the best choice to use in some power-restricted area. Large deep neural networks are
difficult to deploy directly on devices with limited storage area and weak computation ability,
such as mobile phones and some embedded systems like FPGA, DSP. In order to solve the
problems of large memory consumption and calculated time consumption, many compression
ideas have been put forward, among which a recent network quantization scheme , converting the
parameters in the deep network from 32-bit floats to 1,2 or 8 bit number, outperforms other
network compression schemes in memory consumption and time consumption. In terms of storage
space, it is 32 times smaller than other network. And in terms of operation time, much time
consumption could be saved because it converts the multiply-addition operation to
XNOR-popcount operation. It establishes the connection between deep learning and hardware,
making researchers rethink about neural network from aspects of hardware. A problem for
network quantization is that there exists a loss in the prediction accuracy compared to
full-precision network. Many attempts to minimize the loss have been conducted, and many
advanced quantized neural networks have been proposed, including XNOR-Net, TNN and
DoReFa-Net. This passage concentrates on the method of reducing the prediction gap between
quantized neural network and full-precision network.

The main research of the thesis are as follows:

(1) According to the quantization methods and training processes of binarized and ternarized

network proposed by other reasercher, we construct binarized and ternarized network and

train them on CIFAR-10 dataset aimed at obtaining the testing accuracy of 85%.

(2) Reproduce the experimental results of multiple-bit neural network. Make research on the

distinguish ability of output characteristics for different layer. Based on the experimental

results above, we propose hybrid-bit neural network structure. We train it on CIFAR-10 and

CIFAR-100 dataset and compare the performance of it with that of binarized and ternarized

neural network.

(3) Design the regularizers for binarized and ternarized neural network. Train the quantized

network with and without regularizer on CIFAR-10 dataset. Analyze the impact on

performance of quantized network for regularizer using accuracy curve and weight
histogram.

(4) Make research on how to connect the knowledge distillation with quantized neural

network. From the aspects of accuracy and category, we analyze the impact on performance
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of quantized neural network by using different parameters in knowledge distillation and

student networks with different learning ability.

Above all, the thesis puts forward the framework of binarized and ternarized neural network,
from aspects of quantized method, training methods and bit operation. The quantization methods
of binarized and ternarized neural networks are generally divided into two category: without
coefficient and with coefficient. The quantization function of binarized network without
coefficient is sign function. An important problem for the training of such deep neural network is
the backward propagation process. We use the rectangular pulse to mimic the impulse function,
the gradient of the quantization function. And the quantization function for ternarized neural
network without coefficient is the doubled step function between {-1,0,1}. The mimic for gradient
of it is two rectangular pulses. The formulas of bit operation for binarized and ternarized neural
network are inferred in the thesis. The XNOR-popcount rather than multiply-addition calculation
could accelerate the operation speed for deep learning algorithm. We compare the prediction
accuracy of binarized, ternarized and full-precision neural network on CIFAR-10 datasets, using
VGG-like net and ResNet, two uniform deep network frameworks. The gap between quantized
and full-precision neural network is not large on small dataset, like CIFAR-10. The performance
of ternarized neural network is better than binarized neural network, because of the sparse region
in ternarized method. Binarized and Ternarized neural network could extract the boundary
information in a picture, but some color information loses during quantization, which is important
for classification in latter layer. And then we compare the performance of the quantized neural
networks with and without coefficients. The results show that the coefficients have little effect on
the improvement of quantized neural network because of batch normalization layer. Although the
overfiting problem is not as severe as it in full-precision network, the regularization might help
improve prediction accuracy. We design different regularizers for binarized and ternarized neural
networks on the principle of making the float weight parameters approach several discrete
quantized values, to make the quantized network much more sparse under the premise of
minimizing the quantization loss. We conduct the experiment on the binarized and ternarized
neural network with different regularizers and regularization coefficients. The results show that
the histogram of weight parameter distribution satisfy our assumption, which is more weight
parameters approach the discrete values. However, the testing accuracy doesn’t improve, which
means that our assumed weight distribution for quantized neural network is not the most suitable.

And then, the thesis illustrates a new quantized network framework put forward by us, the
name of which is hybrid-bit quantized neural network. We assume that different layers have
different demand of quantized bits. Based on this assumption, we propose that the hybrid-bit
quantized neural network. The idea of our network framework originates from two experiments.
The first experiment is to study the testing accuracy varies with the quantization bits using
DoReFa-net. The results show that when the quantization bit for gradient is larger than 6, the
testing accuracy mainly depends on the quantization bits of weights and activations. Using
weights and activations with more bits could improve testing accuracy. This inspires us to use
more bits in our network. The other experiment is about the ability to divide the layer output
characteristic into different categories. We use PCA and t-sne, two dimension reduction methods,
to describe the high dimensional output characteristic. The results show that the output
characteristics in latter layer from different categories are easy to distinguish. And this inspires us
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to construct the network whose quantization bit decays from front to back layer. These two
experiments provide solid theoretical fundamentals for our network framework. And next, we
illustrates two characteristic of our proposed network scheme, one is that quantization bit decays
from front to back layer and the other is that the average quantization bit in the network is
between one to two. The training process is almost the same as that of the quantized network
above, and the main difference is the introduction of GrapMap layer, which could provide
different learning rate in the parameter update stage for the layers with different quantization bit.
We compare the performance of binarized, ternarized and our hybrid-bit quantized neural network
on CIFAR-10 and CIFAR-100 using VGG-like net and ResNet-20. The results show that our
network outperforms binarized neural network so much, and the performance of it approaches or
even surpasses ternarized neural network.

In the end, we attempt to introduce some prior knowledge to the training of quantized neural
network and improve the testing accuracy of quantized neural network without introducing any
additional bit. We combine the knowledge distillation, a method to train small model, and network
quantization. The prior knowledge comes from the knowledge distilled by a teacher model, which
is cumbersome but performs better in training and testing datasets. In training process, for the
same sample input, the teacher model produces the soft target, which is calculated by dividing the
last linear output by the temperature coefficient and then softmaxing. The soft target provides
smoother label and contains more information. The student model produces the soft output and
the hard output, calculated simply by softmax. And the loss function contains two parts, one is the
KL divergence of soft outputs of teacher and student model, the other is the crossentropy between
hard output of student network and one-hot vector. In the experiment, we use full-precision
ResNet-30(inflate=4) as teacher model, and use three quantized networks with different study
ability as student models. We could find that the knowledge distillation method helps improve
accuracy by 1% for those two quantized networks with relatively strong learning ability, and the
accuracy of the quantized network with weakest learning ability hardly improves. We draw the
curve about the rate of improvement for prediction accuracy from different categories. The curve
of hybrid-bit ResNet-20(inflate 4) is similar to that of full-precision teacher network, meaning the
network has learned the knowledge distilled from teacher, however, that of hybrid-bit
ResNet-20(inflate=1) is hardly unlike that of full-precision teacher network for lack of learning
ability. Learning ability of quantized network is a key element to determine whether knowledge
distillation could help improve testing ability or not.



