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Accuracy Improvement Method for 1-Bit

Convolutional Neural Network

) X
Sung-Hoon Im®, Jae-Heung Lee

Abstract

In this paper, we analyze the performance degradation of previous 1-Bit convolutional neural network method and
introduce ways to mitigate it. Previous work applies 32-Bit operation to first and last layers. But our method applies
32-Bit operation to second layer too. We also show that nonlinear activation function can be removed after binarizing
inputs and weights. In order to verify the method proposed in this paper, we experiment the object detection neural
network for korean license plate detection. Our method results in 96.196 accuracy, but the existing method results in 74%
accuracy.

o o f1 W
W
o
oo
—
fru
Q,
w
>,
e
=
t
oL
jines
L
o
N
N
ofy
il
o,
o
foh,
ol
ol

. K
T

Key words : XNOR Neural Network, 1-Bit Neural Network, Quantized Neural Network, Convolutional Neural Network,
Neural Network

% Dept. of Computer Engineering,

* Corresponding author

E-mail : jhlee@hanbat.ackr, Tel : +82-42-821-1208 L e AAEY Aol vhgs 7Rl e
# Acknowledgment a @abEo] S REe) A7t 7w Aol
This research was supported by The Leading Human — _

Resource Training Program of Regional Neo industry S A et Aes FEAAT

through the National AMALGe FA BF TEHo Al FFEoE
Research Foundation of Korea (NRF) funded by the A wEroa QAu AALS o] Let 7)o )
Ministry of Science, ICT and future Planning (No. o WO olAS g doks - L
2016H1D5A1911149). TR diks st7] wEol s AT
Manuscript received Dec. 7, 2018; revised Dec. 17, 2018; ol Au=Fa 9t

accepted Dec. 15, 2015 olel @ AlekAgte]l WATE ol fri Ao

This is an Open—Access article distributed under the terms

of the Creative Commons Attribution Non-Commercial ghu g ¢7F Zolx oF WEIZHEE 9]/
License (http://creativecommons.org/licenses/by—nc/3.0) »717F WA Q7 E 7] w ol 9 F wWRE
which permits unrestricted non-commercial use, distribution,
and reproduction in any medium, provided the original
work is properly cited. A}+&38t  Central Processing Unit(CPU) W49l

= Dynamic Random Access Memory(DRAM)S

(1115)



Accuracy Improvement Method for 1-Bit Convolutional Neural Network 231

neh o) e Ed 417

L5
o] #t}

UM A AkALE S ¢k3betr] )@ 32-Bit
A4 38 AAZS 1-Bit® HAsE W[lle] &
A gkt EARE [1]9] A7+ 9489 e AE B
F 1-Bit2 W33 35 Ast

7 AE ACE B

g Qe Asts 97

S
i
x £
oz U5
oL
) [UIO
)
>
o

fu do
S

o,
T
—
o
o
>

N
2,
o

(el
2t
o
o
r o)
re
o
r2
-
Ll
B>
=
ol
=
=
ol
=2
o

0%
to o

1. 8-Bit(34) A7 %

8-Bit 45 A2k 4 [219] el EAsh
shebe B 2 8-Bit 4
A 13 gk 5
s sk Ao
stk 4 21 0 A Hdo] Brhsan A
Al A 9ol sl e A LA B
7 919 09 @he Frkstel Axay] wRol
§-Bit A4 Wak Aol 54 1& A&,

)
ol

>,
N,
A=)
o
I
of
=2
w
o
g 0.
=
oz o
N

3
o2

2

o

tt

2t

of

ol

rir

o S

r=25(q—2) D
r=Se«q—27 2

24 () olgstel WY F& wAHU 54

(37 2t

T4 B Fo 29 #4 (Do 2 32-Bit A
o Azt 22 8-Bit Az WA HUAY] w5

ko]

]V
A @el Mg P el A A% Fale] wraghy,

i=1

o,

&M = Z,+ M(NZ,Z, — Z,a\" — Z,a\" +

N (i) (k)
quw ")
j=1

4)

where

8-Bit 4 24 H A
L 7] 32-Bitoll Bl &l H]
A Hv A dator WALV i AAY o
2b &7t 2~38) SUkeHA "

fooff

i)

i)

rd

o

=

=

N

2
Q1 &

2. 2-Bit(AH3) 41732
AR A TS SEEHE -1, 0, 112 WA
Arksioh i o= [3]9] WHeol At 32-Bit
g HE - 104 +1 Alol &2 Batststar AR t
2 235 -1,0 +1 7o E Ytk o]F - 13 +1
747} - Scale?t +Scale #& wato] 2AF @k
ot} d53t wjoi= - Scale¥} +Scale

to 44 =2
p‘L
s
i

Azte]l A ¥ = CPUE B4

il
offt
L)

Field Programmable Gate Array (FPGA
FEsHE Zlol kAot

e e d4kel XNOR A4+e
A% 5 gon Axxy Wl 12
% 4 9l

= Pop-Count H#H&

1 oft
=)

B0 ot ox

S TaE v wEbs Ay
A, siae]l daskA] @A der dik &

2 2-Bitoll Al 1-Bit= =&
of ol2dor vl v Fo] 320 7}

o
w

oA 1-Bitzel Mekow g £4% RAIT,
[l A 313 2ol WA e R WAl 23} v

A Fe 32-Bit 44 A%e E9 A%

so el A [3l7he wel 4% sl 10%

2 AA versth

(1116)



232 j.inst.Korean.electr.electron.eng.Vol.22,No.4,1115~1122 December 2018

2 XNOR *=¢ J&
AP EE E 19
+10]H o] x4 O

Table 1. XNOR Truth Table.

® 1. XNOR Zl2|®
Input Output
A B A xnor B
0 0 1
0 1 0
1 0 0
1 1 1
HA 5 A gAas 1Eslr] faiAE Pop-Count
A2 Apg3le] F3 o] 74538kth Pop-Count
Abe H 29} Zo] WE YlolA 17 AR nE9
M-S WkE3ith Pop-Count €14Fe] Azl 2&5
#ota F HE $£5 wd F3 gliAlo] shssit

Table 2. Accumulation after multiplication.
2 824 T 58 oM

8-Bit Register A 1011 0100
8-Bit Register B 0110 1101
A xnor B 0010 0110

PC(A xnor B) 3

2 * PC(A xnor B) - 8 -2
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N7Hel #A1S 3 He] XNOR =2 dEs 3 7}
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Table 3. N-Bit-Packing.
# 3. N-Bit-Packing

Algorithm
A N Y A5 8d
£9 : Bit-Packing® N-Bit @A 28 v

N-Bit-Packing

1 v=0
2 for q=0 to N—1 do
3 sign=rlg] >071:0

4 v=uv| (sign < q)
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Fig. 1. Patch Transform.
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Table 4. 1-Bit Matrix Multiplication.
E 4 1-Bit & &

Algorithm 1-Bit Matrix Multiplication

Input : Mat A, Mat B, Col of A M, Row of A K, Col of B N
Output : Mat C

1 for r=0 to M—1 do

for c=0 to N—1 do
Clrlle] =

sum =0
ifor k=0 to K—1 do

sum += PopCount(Xnor(Alr][k],Blklr]))
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Fig. 2. Existing Approximation.
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Fig. 3. Proposed Approximation.
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Fig. 4. Step Function.
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Fig. 5. Sign Function Gradient.
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Fig. 6. Vehicle License Plate Data.
a6 HsE HolH

Table. 5 Vehicle License Plate Detection Neural Network.

ES5 HaE HE MEY

No. Type Filters | Size / Stride Output
1 Conv 16 3x3 /1 320%320
2 Max Pool 2%2 /2 160x160
3 Conv 32 3x3 /1 160160
4 Max Pool 2x2 /2 80x80
5 Conv 64 3x3 /1 80x80
6 Max Pool 2%2 /2 40%40
7 Conv 128 3x3 /1 40%40
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No. Type Filters | Size / Stride Output
8 Max Pool 2%2 /2 20%20
9 Conv 256 3x3/1 20%20
10 Conv 128 1x1 /1 20%20
11 Conv 256 3x3/1 2020
12 Max Pool 2%2 /2 10x10
13 Conv 512 3x3/1 10x10
14 Conv 256 1x1 /1 10x10
15 Conv 512 3x3/1 10x10
16 Conv 24 1x1 /1 10x10
17 Anchor 84,35, 107,42, 77,59, 148,39
18 Route (13)
19 Up Sample 512 20x20
20 Route (19, 9) 20%20
21 Conv 256 1x1/1 2020
22 Conv 512 3x3/1 20%20
23 Conv 24 1x1/1 2020
24 Anchor 35%22, 49,17, 72,20, 59,38
42} 374 (Gradient Descent) &2 755 7Y
A18F43 a2 Momentum=- 0.9, 7}5 %] Decay+= 0.0005,
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Fig. 7. Left : results of previous method,

Right : results of our method.
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Fig. 8. Left : 32-Bit Neural Net. Results,
Right : Proposed 1-Bit Neural Net. Results
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Fig. 9. Leftt Compare previous method with ours, Right :
Compare accuracy on previous method with ours.
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Fig. 10. Left : Compare previous method with ours number
of MACs, Right : Compare 32-bit network with
ours number of MACs.
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