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Abstract: Binary neural networks (BNNs) are highly appealing to the industry due to their significantly reduced computation and storage
requirements. However, their accuracy still lags behind that of networks with full-precision parameters. Most existing methods focus on
improving the performance of BNNs through advanced training techniques. Empirical findings reveal that the representation capability of
quantized features is considerably weaker than that of full-precision features. To address this limitation, a widening and squeezing
mechanism is proposed to construct high-accuracy yet compact BNNs. Specifically, features from the original full-precision networks are
projected into high-dimensional quantized features to mitigate the representation gap. Meanwhile, redundant quantized features are pruned
to prevent the over growth of feature dimensions. As a result, a compact yet sufficiently expressive quantized neural network is
constructed. Experimental results on benchmark datasets demonstrate that the proposed method achieves high-accuracy BNNs with

significantly fewer parameters and computations while delivering performance comparable to full-precision baseline models. For instance,
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the binary ResNet-18 achieves a top-1 accuracy of 70% on the ImageNet dataset.

Key words: neural network; model quantization; image classification; object detection
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T IENE R BCH 0.00065 K145 R 5IN5E 2 ZHEALM % B A M EBERASH, BATZR R85 2
SRBET HL LTI . AR 43 5 3 3 ARG FE 45 (92.19% FIVEETR=R) AITE BE N 8 I B M &% (94.22% MIHERAZR).
FAVE AR Z 518 KD 5niR 28181 g8 sk 5 pior, Horb o iR E R AL p RN 5 A8 SR YT i R 5L
AL D8 BE A 8 1) AR I 4% A1 D 0T 0 46 SR R0 40 B D 268 ' DA S04 L o 2 3 . SR Ik R 2R, KU R
() B RN 48 K5 FE R T 1%-91.39%, 12T 445 FE (1) 92.19%. [k, @i 2 f iS58, A A1 71 — 18
1k ResNet-20 (1914 BE R PAEF 200 44 B ResNet-20.
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100 | —— 4=0.001 00

200
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#Retained channels

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19

Layer
K3 CIFAR-10 ¥4 -~ M IEAN[F IE 1L R4 A T siEHss R
# 4 CIFAR-10 $¥54E LA IE AL R 50 2 s 3 # 5 CIFAR-10 $E4E FAnR 8RR 4 3
IENE R B A EERRR (%) SHE M) #HFE (%) HOmE T H HEHZE (%)
0.0001 17.48 2.98 92.71 ek BE X 2% 3 0.2 90.72
0.0003 32.56 1.93 91.94 A kE O R 2% 5 03 91.0
0.0005 43.93 1.29 90.93 Lo % 10 02 9112
0.000 65 48.58 1.07 90.42 5 2 981 — P 3 02 90,91
DOT B 08 S s s 0 o
0.001 66.50 049 §7.78 B u8HY {4 10 02 o139

4.4 CIFAR-100 3235

(1) AN [R5 EF 45 5

ATEE 1 LR 4 L B 2% b HEAT T 208, DL ResNet-20 JyFERE R 28 42y, 7836 6 th, FE2R Ak M 4% 1
top-1 MREFE N 69.78%. Xt 1 ik A8 W 4, 5 P52 It 5 19X 246 56 5 RO 3B I B2 . M 5 FE 00 4 B, A 9 4 R HE
R 70.45% MBI T ILL. KT 4 HAFRALM G, T8RN 2 I, HERERON 70.25%, il 3Lk, AR LN, e
LRI LR D I, 7 B £ R RRAE

+ 6 CIFAR-100 F¥g4E & hn v A [F) 95 FE 1 285 3

Et e 4 G SHE M) HEHI (%)
32 1 0.28 69.78
1 1 0.28 50.44
1 2 1.08 62.62
1 3 2.43 67.61
1 4 431 70.45
1 8 17.17 74.68
4 1 0.28 63.35
4 2 1.08 70.25
4 4 431 73.85

(2) 0 FE AT AEATLR 1 25 S

BATRA N v A e L 5 M AT 251k, B 4 9 CTFAR-100 #0345 I, ResNet-20 A~ [F] IE U {6 &
B ARG ETEMIBERLSR. B 5 R 7 R T BRATVE A EAEA F IE N R B A 1530 00 9 4 45 04 S H o 2tk
1%, 5 CIFAR-10 AH L, CIFAR-100 L5 58 £ 12850, Rk, FERARHLES AR o 75 B0 2 [ S EURHE. BT s i
Y imiE £ R BAE % BN 0.01. 24 IENAL R A 09 0.0005 B, FATHI 7453 1) 81K ResNet-20 HIHERIR N
67.98%, ELINTE 3 f5H0 —{H AL ResNet-20 HIHERT R &, i HIRA TG IS HE D
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300

—— 1=0
—@— 1=0.000 1
250
4=0.000 2
o 599 | T 4700003
g [ == 7=0.000 4
£ 4=0.000 5
5 PO 00010
3 100 |
HH
50 |
0
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19
Layer
K 4 CIFAR-100 4B 4 E —{H M EAF IE ML R E A T @ iE 5 1
70 %7 CIFAR-100 #4E4E FANE IEMIAL R 5 A il 45 531
S oo b ENRE A EEERR SHE M) EHE (%)
oy 0.000 1 10.32 3.54 69.54
St — R 0.0002 17.11 298 6936
’ N 0.0003 20.97 2.73 68.46
67 . . . . . . 0.0004 2631 237 68.28
0 02 04 06 08 1.0 12 14 0.0005 31.36 2.03 67.98
FFifi (MB) 0.001 50.84 0.99 62.07

K5 CIFAR-100 #di4E A 7548201
TAE AP N 2% R4 R P IR 4% 06t B

FATRI R FR 2 vt — 0 fd T IR ML RE. 5520 8 1 {H AL ResNet-20 ¢ FHAE UMM 2%, FrERI =N
74.68%. W J& AP R Eor I E O 3.0 A1 0.8, AT R AL I A2 = B 70.52%, 15 T4 kG S B 2R (1 i %
69.78%.

9T FE BT LG ERATT 0 7 VAR AR FE N 4 R AR, FRATHE ] 5 e L T HERZE . FRfg T 1ok R th 2R,
HIFH R TT A BB L, 1X BN FE5 . B AT LU, FRATT 777 T 2 40% LA P F) 7 it 22t s 31 R 4
s FE WX 25 3210 TR HE R 56
4.5 ImageNet SCI&

(1) ARS8 RZ 453

Xt F ImageNet, FATE {H . ResNet-18 F1 VGG16 M4 Al T 5256, 15 %6, MZSINTE 5 45 R0k 8 Ak 9
Bz, % T ResNet-18, T 5 £ (19 —AH P 48 LR 2 T T 485 B2 45 XHT- VGGLe6, IITE 4 £ 1) A8 W 4% (114
W25 AR FE A AH 2. X B s g0 thI0AIE 1 8 2 (M R ALARIE A Rl T B RE I IR .

# 8 ImageNet #(#i4E b ResNet-18 % # 9 ImageNet #4545 F VGG16 nse
ANTR) 5 I A NG AR IHES
B W op-IMERESE (%) top-SHERE (%) ERS G top-IMERER (%) top-SHEREE (%)

32 1 70.79 89.5 32 1 71.41 90.47

1 1 52.6 76.84 1 1 65.99 86.57

1 2 63.73 85.3 1 2 69.85 89.33

1 3 68.07 87.92 1 4 71.01 90.02

1 4 69.74 89.05

1 5 71.08 89.74
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(2) I FSCAe pL i i) 25 5

T A5 B R AR A %, BRATTR R 0 BE R B ML X (B AL ResNet-18 P4 HEAT 45 Mt Ak, FA8 F &0
AR THER R R e ) WA EE BN 5. B 6 IR 10 A T IEMMLRE A FTHIG R, JIEML RS
A29°0.0005 B, Fol 2 F0EIE 29 LR 10 3.3 fiF. BAVEFUERIE N 70.79% 2K FE ResNet-18 15 3k 47 £l
FRVE. IR T AP R B E N 3.0 A1 0.3, AT 1 ARSI E 70.04%, 54K LR 4R AR 2.

3000
—— =0
—8— 7=0.000 1
2500 7=0.000 2
—— 7=0.000 5
22000 |
g
g
5
2 1500 t
o
£
s
~ 1000 b
T+
500 |-
0

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17
Layer

6 ImageNet Z(Hi4E (A ResNet-18 MZEEA A IE N4 R %0 A T @ 54 R

%10 ImageNet #(¥54E b — {8 ResNet-18 W25 AN [F] IE AL R % A 145 5

nIRES @ HIE LR (%) top- 112 (%)
0.0001 17.95 68.32
0.0002 33.06 69.19
0.0005 33.44 69.18

4.6 EARHENISCIE

N T BAEBATT BRIz A, FATE— 20 E H AR AT 55 3047 7 5286, SSD R — Rl . ks B 1 B B
H bRl i, BATE A AP AR T B 4 LRI k. 45 Rk 11 FoR, HAp RFSFRIREE (mAP) 1
RVEFERR. ATRA AF5E VGG16 B T M4 1) SSD 1E KL, R4 PASCAL VOCO0712. J5ik A Al C UK
LHEE VGG16 BT M4 B oy TE R 1 FITE SN 2 1 A VGG16 HT M. X T 77 B f1 D, TATHEREE 1 4
NG RR R G — A5 FAE AL 2SN T Ak G RUZ B o B RUZ. IR 11 HhoE i, BIE R A 38
FER 1 BTGB T M7 A Al LS5 68.74% () mAP. 5T B, mAP R/ 1.3%, 288 67.44%. 1% FH %
N2 I B VGG16 B TP SSD 3745 72.79% (1) mAP. iX EeSz86F W, 3 2 I AL E R G Bh T B
FAS AT 45 (P R

# 11 COCO #HFEtk F—1{f1k SSD & R}

FF mAP (%)
S f 1 SSDHELL 76.81
A: BN {EVGG16 & 4K BRI Sk 68.74
B: %N —(HVGG16 & —AH KM Sk 67.44
C: SEFE M2 ZMEVGG16 & 4HE BRI Sk 72.79

D: %521 —AHVGG16 & ARSI Sk 71.75
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4.7 FARDETIERIXTEL KL

AT 7 T DA [ B A 5 AT 45 &, AR BA TR IRATI 71580 ReCU M B0 11 4, ik —20
T AN E L IR JE . FRATRT AR SR I T A& 4 v AT T X6 B (1038 12 Fow), o, 2024 4F4R H
] UBNAS® 2 24 iy {5 o 20 00 4% 45 R 0 A 160 1 A B B 10 1. AR A RIS 5 1 R A R A, B A1 45 8 R A
1508 IM EAZHER oM LB S HE PR HET AP HE.

T 5E E AT LG ERATT B T VA R BT R AOR, BRATE R 7 A L T R R . AT I Rl 2k, ix B
TEAEREIR RS S EUE A 1 CURR B AR =R AT ORAZ I BT 35 L 2148 (AN 30T LR 8 AN 1 AR S450).
TR IR TS RROE B, X AT A . WE AT LUE ), AT L R E T O s %, =R
B DL T, AR O Jikm 1-3 AN E S A

# 12 CIFAR-10 Z#4E FFIFTIR L1045 T b 95
HA e ZHR M) R (%) B
RBCN™ 0.59 85.5 %\: o1 ¢ ’
UBNAS™Y 0.76 88.5 = g9 | e
IMAE A S HE : : & —— A FE — RBCN
B UBNASPY 1.2 89.6 = 87 + +}§B§Ats +g§?ss
AT Ji 0.99 90.1 85 L .
BNASH! 4.6 91.7 0 0.1 0.2 0.3 0.4 0.5 0.6
IR-Net™*" 11.7 90.4 FiiE & (MB)
oMUL ES¥E BATS® 2.8 93.7 7 CIFAR-10 ##i4E _F A 7548301
UBNAS™! 31 913 A P 4 A P %
A1 T7 2 2.02 93.8

+
5 IE'\ éﬂ

N T P AR I TERE, A SCIR I T — P R A MR R LA AN 207, ks R IR B =
PEOSRAE B AR LA BRAR. O 1 o8 dX — I, BTN B J 19X 2% FX) kSR Y o0 2 A 4 ) 7 iRk 4K
R META IR AR, AL, SR RN ZR IR A T VA — D d i B AP B E R AR TR AN i 4 L AT ) s
WUGE 7 IZIT IR RO, RIS RS AR FERBE R O P BEAH 2. RO, 12071 AT DL A B A R 5 o) 2% 4
WA R A &, BRI A . ERR R R R 2.
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