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Abstract

With the development and application of deep learning-based approaches, face recognition algo-
rithms have already been used on devices with sufficient computing resources and achieved high
accuracy and fast speed. Face recognition models based on deep learning have better recognition
accuracy, but requiring a large amount of computing resources. Aiming to this problem, this paper
designs a model called Lite-Inception-ResNet, which is a lightweight network model based on deep
learning algorithms and requires much fewer computing resources. The proposed model is based
on the Inception-ResNet model and improved in network architecture and activation functions.
Experiments on VGGFace2 and LFW show that the Lite-Inception-ResNet model can reduce the
amount of parameters by 88.2% and the amount of calculation by 76.5% with only a 0.1% accura-
cy reduction, making the model more suitable for devices with less computing resources.
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1. 51§

AESR, BEERESINRIE, FETRES NN AR A8 7T 2R AT
At s BEWRT SR 5%, SRR F RS BRSS9 T IR B 2 S AR
RN E AR U 2 &R HR, HR2HFEHIIN I EELIER KN, sl E&AE
RIS, JUFL R R R R R A @ R A BB ) HATIE H A, XA TR B A B0
SRR N A P — Ak . DRLE, el iR DRV RE T SRS, BT R AE T B B (/N Y
W& LRERAUSIT IR E RN SRR, Do — B s 2 —.

BREAMSER G T REF AN RE, Bl OISO EER, s &Y. 4R
Gl R PR N 2B R K S BRI SR 1 vk 1] 59 — 22 T/E U MobileNet [2]F1 ShuffleNet [3]55 i
W E R LR, G NIRIETE SRR B T SRR SR . R RIS BE AT
ERIEIR, U RS RE N PR, (A5 A0 AT 7R 4% B O 2 AR R PR R AN AR 2 B 2 TR A 2
HIIAT A — BT 8. AR SCER XS IX — [ 8, $H—NPUR Y25 2244 Inception-ResNet [41 924, 7E
WA LT3 R RSO R4 i — N B 4587 Lite-Inception-ResNet, 751 fg A1+ 5 &2 [H]
AR T S ()P4l
2. EXAREFHEEM
2.1. ARRZIHEXxER

L, HETFHERRIE M TR &N NIRRTk, BB WA Tk, —4%
FE ST R 28 BEAG AT ek ¥ 75V (5] [6], 3 Bak Mgt X 2 S5 AL R SR TR A (R PR RE A o 5 — 2R R 2R bR
O AT e T 7] [8] [9], ik ek 437 2K bR A5OR 1 55 X 288 72 K RIURE N IR0 iR IX 70 . BB I A AE
FEIE LIARWIR T, S T4 4 M fe AP g T/ B &% b, X TR RN s S w7 2] [B]H 5
H{H3

2.2. Inception-ResNet 2244

Inception-resnet /& i Google #i& t [ — /NG Z g 224, A v Flv2 BRANIRAS, 1% 245 4844
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JINRTERIBERE . FREEEMILTA Inception-resnet #EE T2 . Inception-resnet b 15 i1 g 5
F GoogLeNet [10]+] Inception fR Al ResNet [11]H 5% 2 AR, 454> Inception-resnet B i — 4
Inception AR ANTE 2 ELIELH . Inception ARER AT DAAMKEAE B B SR HCEIAS [A) RO (RIS 2, k22 AR )
A LAORBE N 2 00 L2 W48 BTSRRI RS B, IR DLYIZRI TR . 455 1 Inception BRI
7= SR Inception-resnet AR AT DUSHE A X 25 H1l 6 5 AL 75 I RFIE SR X e

2.3. PReLLU

PReLU [12]2 th {7 48 B &5 A3 th (0 — o] AN ZRIises si 2, sk B8R T LeakyReLU [13].
‘i FH R0 oA 4 ReL U A2 REAE B R IR BT U B T 58, 3 R R 2 A AR AAE P40 2 30 23 SR BB PR R AIE A JE
LeakyReLU IRk & b (1) i A S B 3 b [5]— AN B8 B33 o, IXFERE AR BIARZMERIMER,  [FIB I3
AEEAE B B0 . PReLU NI HE— DX A o W B NGRS EL, IR X4 31 S 4 (1 mT 1l
ik, HT Leaky ReLU 1 PReLU ¥J7& RIIN—ANZ4, B LLan S8 A0S B3 ReLU 504 Leaky
ReLU /& PReLU, W] LATE 47 i R FE M 48 AERFAESR I L PERE, i3I0 S 3R AR R I T 2%
ATHI

3. MILEZRM T

ASCLL Inception-ResNet v2 ARl 26 484y, et — S H R L Inception-ResNet v2 /b 1) i £% £
4 Lite-Inception-ResNet. Inception-Resnet v2 [ 2% 45 1)l — MR P+ Inception-Resnet #2Hit
AT REE Inception BB T A, b BRI b LA G ZE Rt AL Z 48, R RAFE Inception AR Bk
RAE T T RFERIEMR Inception Bl ., A CHEHIAY Lite-Inception-ResNet N2 7E M LAt > b 3& 4k 2
o I8 F 1 Inception-Resnet FE- £ /b 1] 7+ =/~ Lite-Inception-ResNet ]2 42 4175 1 fis o
AR S HUA B F, Inception-ResNet v2 45 55 M [{1Z: % &, T Lite-Inception-ResNet Zi7& %] 1 6.5 M [
ZHE, a8 LA 8.4 54 .

Table 1. The network architecture of Lite-Inception-ResNet
5% 1. Lite-Inception-ResNet Y4 5244

T HVREAE B R/ W45 2 KN BK *hid
79 x 79 x 64 B 7x7,64 2 &
39 x 39 x 64 RRibAL 3x3 2 &
39 x 39 x 48 B 1x1,48 1 2
39 x 39 x 128 B 3x3,128 1 2
19 x 19 x 128 AL 3x3 2 &
19 x 19 x 96 B 1x1,96 1 =2
19 x 19 x 256 B 3x 3,256 1 =
19 x 19 x 256 fAI4L i Inception-Resnet a #it x 4
9x9x512 TAIALH R SEAE Inception a Rk
9x9x512 fAi4L i Inception-Resnet b ik x 5
4 x4 %1024 AL R SREE Inception b #5ik
4 x 4 x 1024 AL A Inception-Resnet ¢ fHt x 4
1x1x1024 ARt + FRAE 4

512 EeUE e 512
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R AR R e, TR IS VEAHXS EE SR 50 5l B, ARSI HIAE Lite-Inception-ResNet H 4
PReLU 8% s 30 # Inception-ResNet Fi%4 () ReLU #if s, XML RN T EEASH, TR
SRR S R A . 8 SZERIGAIE T PReLU M0 B Hons A S H iR R e Ve R 1 B AR T .

WA £ AR TR 5 i — J2 B H A N IR AR AAE ) B 512 2 FOARAE M) 2, IXRE AT DA A AL SR B 5F LA 2 1k
PERYVRFIE AR RAE N RFE S B o IR AR RL I 2 55 5 00 0453 2K R EOH 1 2 Softmax Loss, i Softmax
Loss K FE 5 BN W24 AL 11| GRS BOBUE FE 37 -

4. LW RLER
4.1. BIBRERHAE

AR SCAE FH 258808 £ 72 VGGFace2 [14]8# 4 . VGGFace2 /& Uil KB Hd 2 —, i
FEAMAN=AZTR NGRS, BEERRERY, SARER S KSR,

TR E A SR A LFW [15] [16]4da 48 . LFW Hdla g2 & 1T R RE PR RE NI B Bt 2
EAE - IEZ ARG . HIra NG S EA A4y, BT i f p b, REsEsk
B AT ke NG . AR 18R £ BT B A9/ N RN B AR ) R 4 A5 TR ) 1R e

FITAT (R S0 4 R 8248080 MTCNING [17]7E [ — sk R 38 87 AR NG IR, LA
LERODN & SR 1RSI S R 8

4.2. BRI AET

R I 25 NVidia GeForce RTX 2080Ti GPU _#E47 /Y, 1] TensorFlow [18]HE 4835 k) Al 5
LR R L AR i N RS RN BEsE A 163 x 163, B 7S R, NEHE— I TH R Iz et
e, BATEINGR IS B HET T BENLACTBIEE . SR )IZ5 100 6, 4581145 1000 VSR
TEAZRC A RN AE LFW 4R IS UE—Ik, BIEARI batch size K/NBsE 100, BI4 A 100 7k
B RN o A8 (AR 4k 7 52 Batch Gradient Descent, #1462 > %4 0.05, 4F 20 # T FE—k¥ 2]
R, RIK TR %% E 0.2,

4.3. SEWERE S

SEIGET N = AR IEAT IS LT K S HT, 4332 Inception-ResNet v2 #5714 Lite-Inception-ResNet 5%
HUFN Lite-Inception-ResNet (+PReL U MY , fEIIZxiFEr, 1] TensorBoard [18]%F H: 347 AT A4k i 5%
WNZRACR, il 1 ffrs, Hoh Value &2 EYAE LFW 24548 I IER 2 . NI AT LA H, Lite-Inception-ResNet
TR I8 TR Ay IR 8% 14) 4 R T B S 52l X 28 A R I 2, s PRI R AE P e B0 3B 51k

SEOGEAT T BEALLEXT, %412 Inception-ResNet v2 151 All Lite-Inception-ResNet # R ff Eb X, H2
B, HEELE LFW S8 B pgdlalgs RbxTanse 2 Prox. 2412 Lite-Inception-ResNet 157 Al
Lite-Inception-ResNet (+PReLU) AL AT XL,  HAE LFW #ds 8 Bl g R et e 3 prw.

7 2 o LAEH, RATMEESHE T E R Ly lb 1 7.5 5/ 3.3 %, HAE LFW LR
FEH 0.43%I140 5K . XF X2 G544 (1) A0 AR 330 7 AERSTA RS A FTRRAS, (H2 i JE AN B3, J5mT b
IRBE R IR . L 6.5 M ISR 628 M TR 35 (198 TR SRR IR AR, AT LA E
TR 2D B b, AR 5K S A )

FEXT T RAARNEOE R ot b, B 3 WTLAE H, B IBUE BREUN ReLU #% PReLU, W] LLBH R )4
F+ Lite-Inception-ResNet #8 [{jPEfe, HEZSHEM T HE LJLFEA M. SR & &L
Inception-ResNet v2 BRYAHZE 0. 1% HIRGHE, ESECRMTHR R IHEAE B BORE R B SR C.
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o6y 4k LR B Lite-Inception-ResNet 1 s 4k /& BTN, PReLU Hiz FIXT Lite-Inception-ResNet #4231 7 kw1
WITER, Lite-Inception-ResNet (+PReLU)TEMRFF IR AR JLF-3%A FTRHRIEN T, LEWD T NESHE
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Figure 1. Validation results of the model on the LFW dataset during training
1. T FRhERIAE LFW RS ERISIFER

Table 2. The first set of comparative models and their test results on LFW

T2 F—ABRRBI R EAE LFW BRI ER

it SHE THEE NRES
Inception-ResNet v2 55 M 2666 M 99.08%
Lite-Inception-ResNet 6.5M 628 M 98.65%

Table 3. The second set of comparative models and their test results
on LFW

=3 FTANEERLHEA LFW ERRER

e IERiER
Lite-Inception-ResNet 98.65%
Lite-Inception-ResNet (+PReLU) 98.98%

5. &hip

AT B AT TIR B 2 2] BN R A AR Y e T O R S BRI ), B T — R R R
SRR o Z N A R LE R B RS B B L, B> TIH R RS HCR, iR el Ll
N BT TR SZ BRI % % b, S AR BRI e N A A R
ELWH

JE R BRI — B H (KM201811232024 ); Jb {5 SR KRS N R E “5 58+
TiH - Z2PWAEAEFEE AR 6@ AbatE BARM RS m 200k 70 & 2501 H (2019GJZD01).
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