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Accelerating CNN Models for Face Verification With
Convolution Theorem

LIU Bo, GUO Shen
(Faculty of Information Technology, Beijing University of Technology, Beijing 100124, China)

Abstract: In order to alleviate the computational burden of large CNN ( convolutional neural network )
models in current face verification systems, convolution theorem was proposed, which suggested that
convolution in the spatial domain was equivalent to product in the frequency domain, to speed up the
convolutional layers in CNN, and consequently accelerate face verification systems. By transforming time-
consuming convolutions into product operations in the frequency domain, much computation was saved
without loss of accuracy. The computational complexities of convolution by using the convolution theorem
and the direct computation were compared, and the conditions under which acceleration can be achieved
by convolution theorem were given. After Fourier transform, the way of fulfillment of the product/sum
operations in parallel was explored in detail , with the goal to fully utilize the power of GPU ( graphics
processing unit ). Results show that the proposed algorithm has achieved apparent speedups for some
recent face verification models, demonstrating its effectiveness.

Key words: face verification; convolutional neural networks; convolution theorem; fast Fourier transform
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—A BB UN R . A 36 R 58 th Ak
PG TAL FE RRAE SR I 23 284555 3 BB 4 A, S )
VAR AN« S i o T AR OB R 2E AT A 1A 15
FRET | SR 5 A FR A 242 M 2% ( convolutional neural
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AN N IR AR 1) B RE AL, O AR SHR ) A AL
(support vector machine ,SVM) LR S HE AT B IE
3. NREAERARTEIR Z G55 A & T2,
L AR B 96 | B0 4.
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CNN % 5 7 S A R AR, I 9 St R AR 2E 47 53 28,
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TINZEJ7 . DeepID3™ i i T ¥ ¥ JZ 1Y CNN, 7¢
LEW Bk FIEf%i5%] 99. 53% . VGG FACE™
AT — R MG 1 7k WE5E 1 AN [W)
(1) CNN 284 I 250000 4R LA Ko 4 34 77 0 55 %o N\ e
BOIE M BE 09 R, B AT LFW BOHE 4 IR T
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AR A IR | T2 ) — D AR B R A
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R A AR 3 B T A RO R AR AE A 5K
PO . RIS B 2, eIt AT R
INARTRIA RIS R T GPU L N AE 4 A Al figr= 2
iR NI [1B%0 € VG = @ L e =X 1B e
AFRBURAIFE—H T4, % ZX GPU FEH A
T A — s AL F 5. A ORI F A GPU
IR AR R A ) AT R A RS R
o — Sy T A S 1 SR FEUSR R AR A 48 Ay R B e
L UMBEF AR HIA GPU i858 B iy 34T Ak, T
THNEIF IR GPU FE47. e, A SO B RUE
B L TG S0 [ L ST R R AR
SO B — AN B BB IE CNN AR AT sk
2y 2.2 45 X — MK B E A48 VGG FACE' /]
T2 13. 2 5.

1 HEERENS

I AT TR 5 2 G A B L AR AR
FONEMREE TR SR Ik R 12X
TARSCH AT

xR1 KRXFERFS
Table 1 Symbols used in this paper
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1.1 tESRITENNEERE
£ CNN i A B FG BU — AR o I
. RSFh M x M B AES x FIRSE R P x P Y
LR w N B HERERN x «w, HE m 17
55 n SRR E LN
y(m,n) =(x*w)(m,n) =

1
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x(m+i,n+j)w(P-1-i,P-1-j),

i=0 j=0
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(m,n=0,1,2,---,M-P) (1)
TE CNN A EBRE B8 T RE A
Z R A UG, AR i A BRSO Re A 20, I

SMERR A 24 I 5 s e AR S
5 LB B ETE SO

K-1

Z X *W,

Yer = i (2)
(s=0,1,2,--,5-1;1=0,1,2,--,L-1)
()M, (2) h 2 T X EE PR L bR
HERS RT3 7 1k g2 R HH IO 70 2R ek 2ok 1 K
(1), Ho Bt & 245 R
C.,~MP (3)
#7 CNN —NERUZAE K A AGEIER L 8
TV, D) B PG BB B st R &2 2=
C g tyer =KLC (4)
T 2 EIG ISR RCRAL, N T 85
FIFIFAT AR, Caffe P br i BUT BT B2 1L
R 2 ANEREARTR ™ HERE RS 43 3R (M x ML, P x P x
K)FI(L,P x P x K) A4 BT 0 i (8] 52 2% 1 9F
AR,
1.2 AHREBETESRNMNEERE
B T AR S RUE L EEIT RSN, 0] IR
PG RUE ISR B B2 b B
AN T RSz A B
xxw=F""(F(x)(F(w))) (5)
o F g A e o R R AR e oA R
NIROC R e AR, s ER B FUER, W
X (2) 153

F(y,,) = 2 F(x,) F(w,)  (6)

DUSHE TGRSR 5 m AT RIS n BUAbZE T
F(ys,z) (m,n) =

;}F<x3,k><m,n>-F(wl,k><m,n> (7)

PRTHE R B AR 4 (fast Fourier transform, FFT)
[V E 1) & A BE 24 SRy 2

Crpr =2. 5M log, M’ (8)
A IS R AR I T 52 23 oy
C g =40 9)

2(9) IR K4 ST A Dy (8 B f A S
RS, K& EHRITEER, & Z A
PGS R ) R HEL ok 2 e Bl e BR L R e BR 245
SR HL S AR A X A i AT LA
G R BITEIE R PR B AR Ik 1] 52 2%
JEH

Coown=3Cpx +C, ., (10)
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TSR R FHVIZR5E ) CNN SR AR
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SRR HAR B AU B 1, IRt S A i PR
T LIS 4 (fast Fourier transform , FFT) A] DAZE 4G
THERLT TR HE DN [ 52 2% B v 25 B, 2Rk,
Xf—Ma KA BB L ERERNER)Z, R
FHAGFRUE X BRI (RIRGHEA T 46 AR B Y I [ & 2
9]

C eony toyer = KCpp + LC ey + KLC, (11)

S €y 1 C o o FIXTECTT AR Y K 4 L
KL 10y, 2R A8 AR B 59 BURE 10 35 el D 150
AN, SR A R I BR A IR 1] 52 A 5 45 U
RAF P IR, X UL MBI ST BRI BB R IS
HUE BT REARAT S s A T L. Ao — T, 3
WAERUZ P LI —HSHOBE M =60 ,K =64, =
96,P =9, M3 (4) (11) A8 CRAGERUE IS
BT LARAS24 17 AR B Ik L.
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2.1 WANBBMERZORTT 5

1 T ARUZ i A USRI B R RO T8 A
HSE, 0 T RS RUE B RS E e R ALK
BAEIRREY SERMFERSE. S 1 b A o 5 5 1
I B 3 BURTRVA B R , 97 FE S M 2R AL

M=M+P-1 (12)
Ve ERE A T AN, E 1 iR,
M’
[ . \
M AR
P-1 FhEIR T

B AR BN B

Fig. 1 Ilustration of padding an input image with zeros
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FLA-B" BT DL — kMR T S N A UG R
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Bl F RS AT DU b R MR R S LA Xy
1], ¥ x" 1 DU AE R B AE— DR BT (s, k)
JeE PIYE (m,n) 53 SIVE AR BE AT RIS, B x"dE4 T4
WA R A 3 X ) X BT (myn) MR TR R
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SEELEAER) I, (%7, (m,n) 1s=0,1,2,-,S -
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Fig.2 Data rearrangement of an input image
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Fig.3 Matrix multiplication of input image and

convolution kernel
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y;xl,x(M+()) x (|252)41 )ﬂ)ygxl‘x(e‘l/l+()) x (M+0)
(21)
2.5 HIHZERHEE
H 7 AT R R I g o o A PR N A
W RO R4 T 74778, B LA, f5 X R4 R
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(22)

n
Ysxix(M+Q) x(M+0)

y" R B RE A e AR AR
3 #H—HMl

3.1 SNMSHREEAMERFERE

I A B B AR B, 7 X A R
AR RS AT 58, Rt 75 2240 71 19 22 £
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FEDXI, A B B AT h o FE 28 47, A5 4
W17
3.2 ETIZM FFT THRPELITE
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AT R A SR A Ok B R I T, AT
REERa RNl
3.3 LSHRTEEWNFMRER

56 430 A B BN B A B
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DT B G DL AR G R B T k.

4 SLIGEER

AT S350 B R e BT U L R Caffe
BRI AT CNN s, IR IE S E
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4.1 SLIEIREE
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GPU 2}y GTX 860M, CUDA & 7.0 RR. K4 F14: 1
FAB R float ZEHY | 78I 322 FE e, 455 i P45 1 452
ARV L. 4. 2 HaEdtim A BUR B0 R 32,
4.3 gt A B0 8 8, M A 1 000 4t
IR AT S50
4.2 HAHERTEETEERNEENRBE

L2 g o trad, ik M =60,K =64,L =
96,P =9 FSHERT, R B E#IT B A BT L
AT 17 50 BRIS N . R TR AR X T
Caffe & BUTH M SEPRMEE L. ASCSL IR 5] 2
Pk i SR B AR . FH G B B RS B A
i} 32. 645 s, H] Caffe 45 U3 Ty %115 46 B I
281. 131 s. FHILASR|SEPRANE LR 8. 61, KR H
HRUE S BRE AT = I b, SERR ik
FARG T HRLE 0 b v =2 B2 SR P T, IR & 2%
KPR RERAHE, USSR E BT R R
ARy 7 BT R E AR AR R 4

T R UE A U BT IR M AR SC AR
THERBERT LIRS Caffe BRI 45 R IR 2
SEOFAL e RO R R A 8 306 688 4
JUE, RIRZEF M A 0.285. [HIL, B EH#iT
R ZE R IE /N R 250 T float 2R AYECHE (1)
i A B s B 1.
4.3 APBSISIE CNN #22Y Ay hniE

VEHUCCHR 11 ]9 A9 model A CNN AR BRI g 5256
TR Sfe A SC 7 3 B IR AR £ model A 1
R AR FEEE AT 1) modelA & 3 AU
CNN #i%! 5 VGG FACE %5 W 2% #H Fb 2 50K iR ik
s RN 2) BRZEH G R
KR ERUE N 5. 3) modelA J&H CNN
AL, MTE 2 CNN 215, DA & ok i il 54
CNN BYHIHEACR. 4) modelA 7F LEW 3044 b B
T 97.77% B IEHH 2, LA CNN Y 5 Jif 504 7K
. 5) YL SEEE ) model A A5 £ £ FF I, W LAAE
IR A, IR ], modelA 14 9 4% 25 4
= 2 i,
4.3.1 HBRIZZH G

Xt model A P24 #4711 7] 42 5., fii FH Caffe % FH
VB I A B AR 28 5 I & 9 LB, 52
L BT . 5 B2 B 60.478 s, W 2% 5 B
62.432 s, M A5 B & A )Z H B b L E R
96.87% . IRZERFM] AR N T4
2 R i N FERT PR, 6 A2 HEAT in ok B A d

R A I 1B

F£2 XHEK[11] 7 modelA B 4E 44
Table 2 Network architecture of modelA in ref[ 11 ]

[ R (L) Bt NE (58 5
Rt/ )
input 128 x 128 x 1
convl 9%x9/1 120 x 120 x 96
pooll 2x2/2 60 x 60 x 96
mfml 60 x 60 x 48
conv2 5x5/1 56 x56 x 192
pool2 2x2/2 28 x28 x 192
mfm2 28 x 28 x 96
conv3 5x5/1 24 x 24 x 256
pool3 2x2/2 12 x 12 x256
mfm3 12 x12 x 128
conv4 4 x4/1 9 x9 x384
pool4 2x2/2 5 x5 %384
mfm4 5x5x192
fel 256
fe2 10 575
softmax 10 575
4.3.2  JHEE RSB CR

3R B RUE BT AT 2 H Caffe 45 1
AT, X model A WZEHEATRT A E . 1B
J2 04 FH B RS T L 3.

*3 FAHEREEITESROMELR
Table 3 Acceleration effect of computing convolutions

with convolution theorem

FHERBEM FH Caffe 115

WA HEERN BRI T Lt
/s it /s
convl 19. 925 7.013 0.35
conv2 10. 560 38.519 3.65
conv3 5.297 10. 830 2.04
convé 3.238 4.116 1.27
Fr A B2 39.020 60. 478 1.55
A 2% 40. 974 62. 432 1.52

MAESR 3 PRYSEERE R, convl BRUZHIETE
HICIRARATINGE = 3 SRR W BEFAT Itk k.
AR BT RO 5 W 1 D ERER
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FEEIT BT G 3 DB RER MG FUE fHT,
LRI 4.
F4 BRTEFROMELR

Table 4 Acceleration effect of optimized scheme

Pt E Caffe
g% FE WEITER
HiBt/s FHRE/ s
HBIRZE 26.108 60. 478 2.32
AP 2% 28. 062 62. 432 2.22

R4 TZE R, HR T 2R G R e 2
THEAGR, 0T 7 S REAAS 0T s ek L.
4.3.3 5 VGG FACE FiRI i Ho s
VGG FACE' J&—NE 24 HAHSE ARG B0 UE CNN
Fa A JURR 7 2 0 I LI 5.
%5 5 VGG FACE HEEXILEE
Table 5 Speed comparison with VGG FACE

UE S W 265 S s I Lt
VGG FACE W% 371.596
modelA %% 62. 432 5.95
model [ 28.062 13.20

EHIE

5 KW R A BUEFEXS modelA 16 £ Ji i
J&i , lb VGG FACE Rt 13. 2 5.
4.4 NBQIGIEIE 7 Z A Bt

ARTSCRFSCHRT 11 ] HY model A B NG 56 1F I A2 1F
77 ek B T IR IR R, R 6 AT
JURNAR T R AR IERf R, R 3 Fh R
AOTRAEZE L, #R R H] CASIA-WebFace 204555 5 111 45
CNN. 558 FHSCHR [ 22 ] rb A58k AT T 3 O B
LRl N A EE RN A T S N/ =)
modelA CNN #4701 , 2% > BRI E 4 0.000 05,
AR 8 A (epoch) . SRS B BRLIFR A model A-
finetune. F/o B FEL)Z fel 19 256 i HAE M A
JREARFAIE | SR FH 4R 520RH AL BE Ok B2 HEAE 22 53¢, O )
SVM 2Rk e 2. ARSCR A LFW s 48 i
A7, I 438 28 AU K . Unrestricted , Labeled Outside
Data"' SR H 58 LEGTE. LFW %4 4 2R H 51
SR —FERY AL PR R

o6, FE1LSHR[11]% modelA RAT —
FERYARE , BT Z 8] TE A 25 04 7 6 22 5 02 Hh AN
[ P FAb FRAE T T30y, TR 2 WIETRIL TSR 1
(A i i T, 3R BT CNINBE R A9 0 BRUAS — 5 &L

F6 JLFARKIEEBE LFW HiRE LR ERE

Table 6 Accuracies of several face verification
models on LFW dataset

PSS EHH/ %
SCHER[11] 1 model A 97.77
75% 1:modelA + cosine + SVM 97. 62
7% 2 :modelA-finetune + cosine + SVM 97. 67

772 3. modelA-finetune + PCA + cosine + SVM  98. 02

A TTEE 3 R PCA SRR FRIERE 2 120 48, AR
PR AR SZAHURE i A SVM 58 732, (i A5 B0 ik
NRELINE S

5 #ig

1) ASSCHE A P R BUOR in s RS
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