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Controlled Facial Gender Forgery Combining Wavelet Transform High Frequency Information

CHEN Wanze, CHEN Jiazhen, HUANG Liqging, YE Feng, HUANG Tiangiang and LUO Haifeng

College of Computer and Cyber Security.Fujian Normal University, Fuzhou 350117, China

Abstract Image-to-image translation (121) technology based on generative adversarial networks has made a series of break-
throughs in various fields,and is widely used in image synthesis,image coloring,and image super-resolution,especially in face at-
tribute manipulation. To solve the issue of disparity in the performance of generated images in different translation directions due
to model architecture and data imbalance,an high-frequency injection GANCHFIGAN) model is proposed to achieve controlled fa-
cial gender forgery for transmitting high-frequency information. Firstly,in the wavelet module for transmitting high-frequency in-
formation, the features in the coding stage are decomposed at the feature level by discrete wavelet transform,and the obtained
high-frequency information is injected reciprocally in the decoding stage,so that the information composition between the source
and target domains is always in a more desirable ratio. Second,images’ dynamic consistency loss addresses the inconsistent trans-
lation difficulty in different directions for multi-domain conversion tasks in 121. By redesigning the loss function,we scale the loss
of difficult and easy samples,improve the feedback of difficult samples to the model,and make the model focus more on training
difficult samples to improve performance. Finally, the diversity regular term based on style features is proposed to add the dis-
tance metric of style vectors in different spaces to the traditional diversity loss for supervision, which enables the model to main-
tain the diversity of generated images while improving the quality of image generation. Experiments on CelebA-HQ dataset and
FFHQ dataset verify the effectiveness of the proposed method. The generalization of the loss function is verified in the main-
stream 12] model combined with the proposed loss in this paper. Experimental results show that HFIGAN has better performance
in facial gender falsification compared with previous advanced methods,and the proposed loss function has some generality.

Keywords Image generation, Generative adversarial network, Image-to-Image translation, Facial attribute manipulation. Focal

loss
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WA, 2 T 120 AR Y PR AR S L O HLAR F AR Sy TR IR R TR
Iz s R BT LU G i A SR [R Y 12T HERE
3.2.5 RAEHFIEETHHK

RS FEAE J2: A A% 7E B R oh i o — A HlE S TR R
Az AR 784 R AR R AE o 15 Bk AR B R o, I T R R
FEMZ% S B A 2~ N0, 1) B A3 P 5 i 5L T XUA RRAiE
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Lo= | M(G(z, .S(z.y.)) s y)—Szy) || (13)
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4.1 EWiKE
4.1.1 EBRBEAAHBEE

AR ICILTE NVIDIA Tesla V100S GPU 32 GB 8 it
TN, IF . Adam IEALSS . H P Adam (9 W40 5C S Hik
BB =0.8=0.99. B ITA Il kKR IH % = 256 X 256 53
PR A R AL B /N E S 8, B R 100 000 1K,
FEREA IR0 R b, S 0 25 N A AR 28 B ko AR A L 28 501
SRR P 25 L R ST O 245 1 2 2] R 1070
4.1.2 H¥EHE

ARCHEHEAE CelebA-HQ! LA FFHQ ™ WA~ H A7 % 43
PR N P s A2 L AT IR A . Hop CelebA-HQ
5% 3 J7 5K T AR R H b o e RS B g 18943 Bk, B[]
18 11057 5 EUHR 42 Zr HERH 1024 X 1024, S T 50 UEAR £
TEAE B I8 P Dh 3 AT 55 B A & MR TR L A SRS E AR 1% Bl #
PR 55 S8 7 T KUK 22 K HL 22 57 W 1 19 FRHQ B¥E 4 I it
Froe R Lh K Bk, Ko FEFHQ #4275 1024 X1 024
SrBEARY 7 J7 3K PNG MR AR R . 78 CelebA-HQ %
PEAE A FFHQ BHiE 5 69 BT Bk 23 3 BE AL L #1000 3K DL K
3000 5 B A D9 T i 4
4.1.3 M AR

TR B TPAR AR O s B MR L AS SCR AN 18 05 < 30 K
F A FE B Y (Fréchet Inception Distance, FID) L & #5: 1F BF 42
[ 1% #H &l BEE* (Learned Perceptual Image Patch Similarity,
LPIPS) . H v, FID F M 4 P9 4> 80408 43 A 22 [8] (¥ 22 B, B

0 2 PR 1% G S BEE L FID ARG L A o R G R e
LPIPS H T35k @ 6] — J& P BRS04 U2k, 25 A4l &
AT L0, W LPIPS Ak K. R Z IRk, N T 3K
B2 -k AR SO T StarGAN-v2U° 5 97 AL 14 i FID 5
LPIPS (4 1155 7 ik . A K SE 58 %t b A9 B2 8 5 MUNIT™,
DRIT+ +7, StarGAN-v2"' ,PHStarGAN-v22 . XF T 5
R Xt E AR B, AR S R B O I ST R S D R A A Y S R
HEAT YN S o Joe il T [0 R B9 O T R AT I A o 7 450 2 3 ) 1k 5
v AR SO T B AR iR A T A O vk O DR AR IR A I AT
SE A 5 5 D5 05 1k A8 [R] — B8 4 vh EAT XTI
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SHER.
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HETER 5 v & 5(b) B A B B A4 v ] — A
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F 1B T A ITETE CelebA-HQ $¥5 4 UL K FFHQ
B 4R e T E S B A RIER 19 FID 5 LPIPS & W48 47
Bl . Hodh FID B/ 4r , LPIPS W AH & . FID 3048 s A
SCO R R AE L UL AR SOy vk B RS I AR 0 B0HE A
PR FHEER., 55—, A SR B T & i LPIPS 4
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Table 1 Quantitative comparison of images generated by different

methods based on latent guidance

] CelebA-HQ FFHQ
VRS

FID v LPIPS 4 FID ¥ LPIPS 4
MUNIT!S] 24,96 0.252 28.03 0.231
DRIT+ + 9] 52,13 0.178 44,12 0.061
StarGAN-v2l10] 13.71 0.452 18.76 0.455
PHStarGAN-v2 n=3[20]  16.63 0.332 43.03 0.342
R 13.31 0.476 17.01 0.479

A & H 1 14. 80 — 10. 50 —

4.2.2 ATAFINFAERLEK

22 5| 5 Az 0 B A= A A A SR R IO 45 T R AR 14 IXURS R AE
v=M, (x,) 5T EEE K.
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Images generated based on latent guidance in FFHQ dataset
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J5¥EAE LPIPS 1A ¥ 5 0 IR B ifF — 25 42 F+ FID 4380 kW T
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Table 2 Quantitative comparison of images generated by different
methods based on reference guidance
K CelebA-HQ FFHQ
VRS
FID v LPIPS 4 FID v LPIPS 4
MUNITLS] 64.54 0.123 51.29 0.126
DRIT+ + [ 53. 30 0.311 40. 08 0. 032
StarGAN-v2L10] 23.84 0.388 29. 94 0.413
PHStarGAN-v2 n=23[20] 28.11 0.290 56.82 0.332
D @i 23.02 0.401 25.09 0.417
B E % 14. 80 - 10. 50 —
4.2.3 K@k

FED RS2 5 b AR SCHE CelebA-HQ $dis 45 b 43 B 983E T

HFT 2544 | FG 3h 75 — 301k 38 % DL K356 F XUAG R AF 1) 2 4
WENIAER. £ 350 THEANFEE S F A FID M LPIPS

S8, w/HFL 48 ) 3 B R A8 i HEL A B, w/HFT+dr 48
TERT A AR L A R s & — Bk 08 . w/HFT+ vms
BV o 22 T XK 47 AiE A9 22 B 10 T 30,

HEFT B, {545 4 10 65 AF 7T DL B4/ F i i ad A2, i b 3%
WEREAL TR HFT B 2 5 P RE O B 4R T, ol 2k B4
HOR SRR E AR AR B R O A B SR R H S
5| AR FID 4 8GR ™ &, 78 LR ZEal ool n BHR
ARk Z R, BR LPIPS 0 5M A T M, HILiE 2
WS A B 2 % 5] F 4 Y FID 2 B8 A i K4 T
16 w/HFI+vms R R &, 48 1 B8 HFT AL, FID [W #
38 T H#F, B LPIPS 5505 w/HFI+dr A 22 R K, 3 B 3%
T IRHE FEAE ) 22 B T D035 AT LA A R 52 0k PRS2 B 1 1)
ol UG o G 4R T

AR SCAR AR [F] ) 22 B P 4 e AT T @S 8, 43 S
T 3CHRC10J LA B Sk (1207 2 B Xt By 19 22 B k4 2k L 25 SR
F AP, HERNRE B R, R 44T w/l12]H T
RAFEE AR LR E 20000 R2ZJ5 A TR £ 8
PEMISR . SCERC12] 7 B m 2R = (10) s, i T 2 i 4k
BERAR, S BOR ) = 22 18] /9 B 2 A0 b R 22 0] (9 P A & %
R ZEEE L BT DB R BB K A E S S AE U KRS H 5 R
ARt FID #1 LPIPS 2 803 & %, SC#k [10] 5 i *F Bi
D), T FR Al B KA A TR) XA R AIE 5T X 17 A= 1
{5 ] B BE S , DAt LPIPS BB AT . (H BRI i 5 25, % W
&b b U S SRy FID 43 B8 i o A B H b Oy 35, 22 0 1 1
TR I T JRUAS REAE 1] ik AE A [R) s [A) op ) B 25 B L, 7 FID 5
LPIPS 15 43 h BUAS T 85 g ¥ 4 1Y) 1L 5%

T4 ZHMERR L
Table 4 Diversity loss comparison
- BEL R AR 545 B AR
Ik

FID v LPIPS A FID v LPIPS A
w/[12] 37.89 0.391 26.78 0.353
w/L1 4 % [10] 15.17 0.519 26.07 0. 455
w/vms 13.62 0. 460 24.53 0.387

4.2.4 Bk SAGE AR B

T B AE R B 235 — BOME R O LA KR T UM SRR AE 9 £ 4
P IE N IUTE 121 4T 55 vp HL AT 3 P4 L A SC 3 B 121 S i 5 O
A LR AE CelebA-HQ Bl 48 BEATYRIE . i T MU-
NTTH [0 265 B HRE W5 A = 7 g IKUAS F5AIE 5 2o SCiik[8 ]
Bk R 2 35 — B R k.

5 BT K PR KIOE A S 0 B9 UL B 4G SR A
TN RAREE R T RLFRARRTILEE R .

# 3 BRI LS
Table 3 Model ablation experiment
o AT R AR PRy
v
FID y LPIPS 4 FID ¥ LPIPS 4
baseline 19.98 0.125 19.63 0.124
w/HFI 15.17 0.519 26.07 0. 455
w/HFI+dr 13.20 0.469 22.19 0.394
w/HFI+vms 13.62 0.460 24.53 0.387
all 13.31 0.476 23.02 0.401

FLERL T (baseline) J& 78 HFIGAN #5 #I (%) 3L wl M 2=
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Table 5 Experiment on universality of loss functions

S B fm BELRAER Z45 8 AR
KN FID v LPIPS 4 FID y LPIPS A
.77 % 24. 96 0.252 64.54 0.123
MUNIT!S] w/dr 22.38 0. 255 59.27 0.136

w/vms — — — —
B 7% 13.71 0.452 23.84 0.388
StarGAN-v2[10] w/dr 13.36 0. 449 20.95 0.386
w/vms 13.34 0. 469 21.73 0. 394
B 7% 17.38 0.391 26.48 0.308
X #k[21] w/dr 15. 31 0.387 23.29 0.301
w/vms 16.72 0.431 24.07 0.351

HetESCER 8T e B s & —E Bk 2 )5 FID
RO F R AT B KR T . e Sk [ 1o o AR L R
B4 AR AR 2k 2 )5, LPIPS g A 32 7. {2 FID 48§ #%
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B VGGFace X1 o Al " 3 i H (0 7 35 4 %t 45 2%, 6 B
B/ NBE B Oy £ B R FE A AF . Pl T DRIT A + f MU-
NIT HEH ARG AN [, R 0 A A i o K XA R 0 8 4 oy 5 o)
a0 O AR A XURS RRAE . Bk 6 BT A, AR SCOT IR TE B A — 3K
PEIZI b R B e 4 U B A Oy S TR AR G R ARG O B T
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#6 S Bk

Table 6 Identity consistency distance
. o StarGAN  PHStarGAN v2 K
7%  MUNITIS) DRITH (9] 420101 o 3l20] P
iR 1. 606 1.691 1. 365 1. 481 1.263
GERIE XML G T A R UG IR I A B AR B

FU AN 34 8 7 5 00 RIS O R 2 B R AR 0 A RS ) A S 3K
TR D5 1) B 30 5% X RS ] DL Bt B 2 4 M 0 Ok S5 R 121
55 PEREIX 3 AN TR, AR SO 7 X 45 0 A B /N 40 A 1Y
fei AT 25t B R AE () HFT A e | TRIR 8l 28 — Bode 4 2k DA T X
& R AT 11 22 M TE UL, 43 530) DA ASE 70 45 4%y LA R 454 2 o) 503k
AR T T ) Bl 1 AT 45 0 A R .l S AR g ek O Tk
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PEAT 2 W B AL VR A L % & ST 86 45 SR IE B . HFIGAN ££ HFI #
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B ) TR 50 1 30 O 3 005 S O 7 5 2 R 4504 S S % v iE B
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