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Abstract: Binary neural networks are widely employed in visual tasks due to the computation acceleration and stor-
age shrinkage compared with the float counterparts. In order to train the non-differentiable networks, some continuous relax-
ation methods were proposed to approximate the quantizer including straight-through estimator (STE) and Sigmoid. How-
ever, these methods cause: (1) gradient mismatch due to the discrepancy between the quantizer and the relaxed function,
(2) gradient vanishing due to the activation saturation. Because of the nature of quantization, the accuracy and validity of
the gradient cannot be obtained for binary neural networks at the same time. In this paper, we propose AdaBNN that simulta-
neously solves the gradient mismatch and vanishing by adaptively achieving the optimal trade-off. Specifically, we theoreti-
cally prove the contradiction between gradient accuracy and validity, and formulate the evaluation measure for the trade-off
by comparing the relaxed gradient norm and the discrepancy with true gradients. Therefore, the binary neural networks are
trained effectively by changing the relaxation function based on the measure. Compared with the widely adopted BNN, ex-
periments on ImageNet show that our method increases the top-1 classification accuracy by 17.1%.
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B.o 5 B BT E I EER SR R TE SR 3 5 =R
T3 58 R AT LA 20 285 i 19 12 A6 T 1 AT b 1)
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%3 CIFAR-10HBE LMHKERR, ZAREHN

oF B B R ESRIELL B
[&5E Bl % A pl% A plI%
& 5 88.81 88.63 89.15
i a 89.38 89.18 89.45
P a 89.86 89.94 90.53

4.4 SMEFEARRE

AKATTE L N 25 23 K B3 4G CIFAR-10 A1 ImageNet
G EMG oy FAE 55 0B E 45 L, b A Al A R AL
1EL I 28 FIRAT e A 0 ZAE 2 U0 2507 1% Ja & AL 46
BC?, BNN''', ABC-Net'®', Xnor-Net?' , Bi-Real-
Net'”', QN F1 DSQ"', L} £ bit 4L M 45 4 BWN'>,
HWGQ™, LQ-Nets™, PACT*,

CIFAR-10 b i H 3 . CIFAR-10 By I 25 £E F i) 32t
0 M EE T AN 285119 50 000 AT 10 000 7K & A .
AR A B R B G Z AT — 2N [ -1, LAY X e Py, OF
T o 3T AN BEAILER 5T i 5 3K B R R AR 8 1l 32 x
32. FATHK VGG-small Al ResNet20 415 A [7] & AL HE 42
BB o FE e VR T g A B R 4 TP S5 R . X F
HA VGG-small Fl ResNet20 4514 (19 —(H #H 2 M 4%, H &
o6 BE AL AE W 45 28 2 T e PR RE A Z R v
B Rl EABRIIRTE. AT AR EEE T2 1
TR (A A9 HWGQ FIALEE % 348 2 LA PACT.

F4 FECIFAR- 10 L5RBEFAEND L AERELE

Jiik: L 58 VGG-small/% ResNet20/%
i 32/32 93.20 92.10
BC 1/32 90.10
TTQ 2/32 91.13
HWGQ 12 92.50
LQ-Net 12 93.40 88.40
PACT 2/2 89.70
BNN 1/1 89.90
DoReFa-Net 1/1 79.30
Xnor-Net 1/1 89.80
DSQ 1/1 91.72 84.11
AdaBNN 1/1 92.52 90.53

T + 7 55 RN/ P ) EU R

ImageNet ERIEREE. ImageNet Y 2k 54155 29 120
Tk E R SRR AL 5 075K, 43 )8 10004~ 28 51 . Ima-
geNet BRI EE R H 2R B 57, AH L T CIFAR-10 B H.
PREE . LRI, FATR FH AN CIFAR-10 AH R A 1R R 15
— AL, I ELRIZR B 7 9 R I 82 31 256 FFf L

RO 224 % 224 (1 IR DAABE I 2 5 I, £ oo 3%
B 1) SR WS SR A 224 % 224 By IX 35k . R AH AR R Z 2 (]
BN T AT USSR —E N B R RBE S TN T
P ERE T AT T AAMEE N TR . W BERN
{8 % 44 7F ResNet18 1 ResNet34 435I FI38 A g4k 75 1%
e, 22 SRR T top-1 Al top-5 HER R . QN I DSQ fiff
FHAES M 5t R BURUAS T SRR (A H T3
PERE RUBE FIBE B S50, BB B B v P R b
A R B R T R AT A R R A
2607 LUAR Al fin A sh 3 38 R 4 B R e, B2 eIl 2k
AR AT HEBR T A o0 4% v Aff 2

%5 fEimageNet LSMEFELTFE—NHES L EBEMILER

ResNet18/% ResNet34/%
WIRFS L5
top-1 | top-5 top-1 top-5
i 32/32 | 69.3 | 89.2 7.3 91.3
BWN 1/32 | 60.8 | 80.3
HWGQ 12 | 59.6 | 822 64.3 85.7
LQ-Net 12 | 62.6 | 843 66.6 86.9
PACT 2/2 | 554 | 78.6
BNN 1/1 422 | 67.1
Xnor-Net 171 512 | 732
ABC-Net /1 | 427 | 67.6 52.4 76.5
QN /1 | 53.6 | 753
AdaBNN /1 | 543 | 774 60.6 82.2
Bi-Real-Net 171 56.4 | 79.5 62.2 83.9
AdaBNN+SC 1/1 59.3 | 81.2 63.8 84.8

T+ (60 95 2R U EL /BT Y B RE A

4.5 FEBERE

AR VHE H s b A R AL (4%  Xnor-Net . Bi-
Real-Net 152 {E W 45 /) AE AR AN RO T 50052 2 B . A7
M 2 S EIT 7 B AR Ml it 4TS5 A7
SHEARN IS EE Y 3245 X F (HS A8 A S
B —10% . 8 28 ] FLOPS 5 i, i T CPU 7]
PLIFAT 644 ZAE IR, BF LS FLOPs A SE{E 1 A Ik
Bom b AT AN 1/64.

2% 6 JB/R T ANA)| J5 1275 ResNet18 Ay B8 20 &
FUERRACH . FRATTHE Hh B 19 35 R A P — {1 T 2% AH
HESAE 28528 T 91.07% 5 i A6 25 8], IF-hn s 11.91
i . TR BB BB T R S8 o S AR ABARER )
%6 TEResNell8 454 E 5T — ERAETHEBREHERH_ EAILLE

ey FLOPs(G)
i 374.1Mbit 1.81
Xnor-Net 33.7Mbit 0.17
ResNet18
Bi-Real-Net 33.6Mbit 0.16
AdaBNN 33.4Mbit 0.15
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