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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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ELARAIN B8 0T DAL BT X 45 02 1) D5 4 P90 4% R0V A 3R, AN St BT 45 B2 R ] 62D 1) B AL RRAIE SR 3R A5 3 v P
JE . FRATTER W 1 n g A4 L T LASRAS /N TS A i A 4% 18] 3 O CIFAR-10 54 I, ResNet-20 AR 1ER]
T RE AW 5 15 2 BTG A s . TEAR ST b, JRAT TG B 4, IR 4 0 P 4, R IETE X R
EEN 0.01. WK 4 FIP 3 WTLLE H, BE3E R4k R 50 A FO36 K, B 2R iiBIE 2, R SR UM, TR0k
EYL A 2 MERER | MREER. 5 1 NMERUZRENE L BRE 2 11, 7 N2k 2 E BRI L T 2 MG B E

i T IEM4L R BN 0.000 65 145 H 50088 2 451 Ak 4 B M R BRI 28, AT 2l S0 R 2808 0 5 i
SR v LU . ORI 23 59 36 6 4R FE R 2% (92.19% FAVEERFZR) A58 B 8 1 B R 4% (94.22% FVERA ).
WAVE AR Z S5 1 KD FniRZ&4m " g R insk 5 pioR, b ¢ iR R B, p AR 5 A8 SURS KT i R 5
AT LA H B8 A 8 1 AR IO 45 A SR 1) 45 SRR A s 55 0 44 47 A S8 R L o i 256 B iy 3 MR 28 0, KU IS
) A PO 28 K B HR T 1%-91.39%, BT 4 K6 FE 1Y 92.19%. PRIk, it 48 2 R S50, 8 3010791 — M8
1k, ResNet-20 1 GER] LAE R 21T 445 F ResNet-20.
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300

—— 1=0.00010
250 | —m— 1=0.00030
}=0.00050
[ = /=0.00065
| = 4=0.00070
}=0.00080
100 | —— 1=0.00100

200

—
W
(=}

#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 a4 b AN ERF IENA L R4 A N raEE st #

# 4 CIFAR-10 $¥54E LA IE AL R 50 2 s 3 # 5 CIFAR-10 $E4E FAniR &M R 4 3
IEMERE A WBELRE (%) SHEM) AR (%) HUmRA T H HEHZE (%)
0.000 1 17.48 2.98 92.71 3 0.2 90.72
0.0003 32.56 1.93 91.94 N AL 5 0.3 91.0
0.0005 43.93 1.29 90.93 10 0.2 91.12
0.00065 48.58 1.07 90.42 3 0.2 90.91
0.0007 53.38 0.89 89.85 i 5 N8 1) A N 2% 5 0.3 91.22
0.0008 55.89 0.78 89.41 10 0.2 91.39

0.001 66.50 0.49 87.78

4.4 CIFAR-100 235

(OENEEA-EES

RATE 1 LR 4 L B 2% b HEAT T 5238, DL ResNet-20 JyFERE R 28 42y, 723 6 th, FEZR Ak M 4% 1
top-1 MREFE N 69.78%. Xt 1 Lk A8 W 4, 5 P52 It 55 10X 24 55 5 RO 3 I i B2 . M 5 FE 00 4 B, A 9 45 R AE
R 70.45% MBI 7L KT 4 HRAFRALMGE, T8RN 2 I, HERERON 70.25%, il Ak, A5 R LN, HELW
LRI LR A I, R B £ R RRAE

* 6 CIFAR-100 F¥E4E & hn v A [F) 95 FE 1 28 3

Et e 4 L ZHE 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 1g#17 74.68
4 1 0.28 63.35
4 2 1.08 70.25
4 4 431 73.85

(2) 0 FE AL AEALR 1 25 S

BATRA N v Al eyl 5t M AT 251k, B 4 4 CTFAR-100 $0# 45 I, ResNet-20 A~ [F] IE U {6 &
ARG G MIBERLS R, B 5 MR 7 R T BRATH 5 EAEA F E N R B A 153 0 9 4 45 04 S H o 2t
%, 5 CIFAR-10 ALk, CIFAR-100 t& 5 £ ()51, Bk, fEYR 4 il i 72 o 7 2080 2 S BOFIRHE. BT A Siie
Y B iE LR B AE % BN 0.01. 24 IENAL R A 9 0.0005 B, FATHI 75453 1) 851K ResNet-20 [IHERIR N
67.98%, ELINTE 3 5 H0 —{H AL ResNet-20 HIAERT R &, i HIRA TS IS HE D
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70

HERfIZE (%)

67

& 5

69.78%.

69

68 -

#Retained channels

BRAFFAR 2025 5 36 A5 10

300
—o— 1=0

—m— 1=0.0001

7=0.0002
—e 1=0.0003
| == 1=0.0004
7=0.0005
[ —— 1=0.0010

250
200
150
100

50 ,’7@\//

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

Kl 4 CIFAR-100 %45 _E —(H M AE AR IE A0 R B0 A 7T 1 Hoss 1

2% 7 CIFAR-100 $3E4E_EARIE IENAL R0 A 45 R

ENERE A EEERR SHE M) EHE (%)
0.0001 10.32 3.54 69.54
—— A% 0.0002 17.11 2.98 69.36
S JEE [ 2 0.0003 20.97 2.73 68.46
, , . . . ! 0.0004 26.31 237 68.28
0 02 04 06 08 10 12 14 0.0005 31.36 2.03 67.98
it (MB) 0.001 50.84 0.99 62.07

CIFAR-100 #5454 F3RATM AR RIM

TAE AP X 2% R4 FEE IR 2% 06t Bl
PATRIH SR8 — 2D i 7 BRA TR R 8. 8RN 8 B {E Ak ResNet-20 B FHAE UMM 45, HHE#R R

74.68%. & v FISFEA KRBy N BEE N 3.0 A1 0.8, FRATEE R 1R 352 = 2 70.52%, T A0k BSR4 M HE =

N T SE EL LT B BATT K 7 i A Ak B R 2% R ROR, FRAIAE R 5 rhxf b 7 HER R AERETT R IISC R LR, 1
SETFAHANAE A T8 AR AL BL, X AN A . AR AT DA, FRATA 7795 R 7 2 40% LAY A7 fif 2t RE 1% 21 A0 42
8 FEE X 2% B R HERF .

4.5 ImageNet SCI&

(1) ANIF] 5 BEFR &5
XFF ImageNet, FoAI17E —{H 1k ResNet-18 Fl VGG 16 M4 A5 T 5250, B 5, W4 SE JG 45 R ansk 8 fk 9
Ftzs. % T ResNet-18, BN%E 5 £ i A8 W 45 i 22 0 1 ARG BE I 4. % T VGGL6, BT 4 %5 19 A8 1 2% 1 v
TR 5 ARG FE A A Y. X Se s I8 HI0AIE T 38 2 R AU IE R A T B M S R RE R 1R .

#* 8 ImageNet F#E4E I ResNet-18 Jin%i # 9 ImageNet 45 4E I VGG16 e
ENGE AT S ENERAEANERES
Pl %L B top-1HERI R (%) top-SHEFIZR (%) [BRRZ i top- 1R (%) top-SHEFIZR (%)
32 1 70.79 89.5 32 1 71.41 90.47
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) 0 FE R (1 25 TR

T A5 B R AR A %, BRATTR FE N BE R B ML X (B AL ResNet-18 P4 HEAT 4 Mt Ak, FA8 FH &0
TRZENB IR THHER . (X B s a o, WA TE FE W BN 5. B 6 MR 10 45 H T IEMML R %A FRIZEE. HIENL R
A24°0.0005 I, o) 43 FREIE 20 AR 3.3 £, A BEFUHERRE N 70.79% HI4 K ResNet-18 1E N #UTREAT 4111
N0 IR RS R BN 3.0 AT 0.3 BT 1 R ERIZE R 70.04%, 540K HE 2 45 AH 2.

3000
—— =0
—m— 2=0.0001
2500 12=0.0002
== 1=0.0005
“ 2000 |
=1
g
S
2 1500 |
o
£
S
& 1000
I
500 |
0

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

6 ImageNet Z(#54E [ —{f ResNet-18 PIZSAEA [F IE N 1L R % A T HIEE B 4E B

# 10 ImageNet Z¥a4E I —{H ResNet-18 P2 A A IE AL R EL A 45 53

ENAL R %A JHIE LR (%) top-1HERFI K (%)
0.000 1 17.95 68.32
0.0002 33.06 69.19
0.0005 33.44 69.18

4.6 BRI

N T BAEBATT IRz A, FATHE— 2 E A AT 55 3047 7 5256, SSD™ R — Rl 2. ks FE 1 B B
B BRI 3. BRATE A B AP AR T B T LRI k. 45 Rk 11 Fow, HAp R PR E (mAP) 1
PN TRRR. AR AR E VGGL6 & T M4 SSD 3Lk, H3E N PASCAL VOCO0712. J5i% A Fl C {U#%
LK VGG16 BT M B N5 E N 1 MEEN 2 1 —(H VGG16 BF M. X T 777 B 1 D, FA 1Kk 1 A4
NGB B G — N BRES RSN TR SR AR HN _EETUZ. AR 11 RF W, B R %
N1 A8 B TR A AT U3 68.74% () mAP. 51T B, mAP FUg/> 1.3%, 25N 67.44%. 1§ FH % FE
N2 B B VGG16 ‘B TP SSD 3515 72.79% K] mAP. iX Ee5286F W, B £ B LA E R G Bh T & H
FRRLIAT: %5 (R P RE.

F 11 COCO #F#hi%E - —{h1k SSD fI4E R

R mAP (%)
A FEFESSDHELL 76.81
A: TN {EVGG16 & 4 BEAG I Sk 68.74
B: 5N A VGG16 & ARk 67.44
C: TEEE N2 —HVGG16 & A FER Ik 72.79
D: FE 9200 “EVGG16 & —AEK ISk 71.75
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4.7 FARDETIERIXTEE KL

AT 7 T DA [ B A 5 AT 45 &, AR BA TR IRATI 71580 ReCU M B0 11 4, ik —20
PRI AN E A RS S FRATRT AR SR I T A& 4 74T T X6 B (3R 12 Fow), o, 2024 4F4R H
1 UBNAS® S 24 iy {5 o 20 00 4% 45 M 0 A 160 1 A B B 10 1. AR A RIS 5 i R A R A, B A1 45 A 8 R A
1508 IM EAHSHER oM Dh_ESHE PR HET AP HE.

T 5B E AT G ERATT B T VA R BT R AR, BRATE R 7 A L T R R . AR I Rl 2k, ix B
TEAE IR RS S EE A 1 CURR B AR =R AT ORAZ I BT 35 L 214 (AN 30T LR 8 AN 1 AR S50,
TR IR T 85 RRIE B, X AT A . W AT LR ), AT L R E T O s %, =R
B DL T, AR O Jikm 1-3 AN E S A

F 12 CIFAR-10 ¥4 EARIRTH 7 iR 45 15Tt

B A SR M) AR (%) 93
RBCN™ 0.59 85.5 = £ / .
g UBNAS™ 0.76 88.5 % T //‘
UBNAS™ 12 89.6 § & —— A )73 = RBCN
ATV T5 2 0.99 90.1 87 :}JRP_»ESS :o:g%xss
BNASH! 4.6 91.7 85 s s s -
[R-Net*® 117 904 0 01 02 03 04 05 06
IMULEZ R BATS®) 28 93.7 fF it (MB)
UBNASP 3.1 91.3 B 7 CIFAR-10 #¥a4 LRRATM 7243 21
R TrE  2.02 938 2 0 45 14 0 4 01 L

+
5 IE'\ éFI

N T PR AR A TR RE, A IR I T — P R A MR R AN 25, R R IR B =
PHOSRAE B KRR LA BRAR. O 1 o8 0X — D, BTN B8 J5 19X 265 7O R kSR Y o0 2% WA 4 ) T ik 54K
R META IR AR, AL, IR A RN ZR IR T VA — 2D e i 7 B AP B 7E SR AR TR AN K A L AT X S
WUGIE 7 IZ TR RO, RIS RS AR FERBE R A PR BEAH 2. RO, 12071 AT DL B A R 5 o 2% 48
WA R A &, BRI A . BRI R R 2.
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