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Abstract: The latent code of generative adversarial networks contains different scales of detail features in

images. To better combine the different scale characteristics of degraded images and the rich information

from latent code to perform face image deblurring, we extract the multi-scale features of the blurred face

images through a multi-layer convolution network, which is further guided by the latent code of generative

adversarial networks to generate the decoded features, which is then further guided by the latent code to

generate deblurred images. Through this multi-scale feature-guided scheme rather than single-scale genera-

tions, our method ensures the reconstruction and restoration of blurred images in more detail. Compared to

the current methods, which also use the latent code of generative adversarial networks, our method achieves
better performance, improving 30% on the metric of PSNR and 23% on the metric of SSIM.
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GoPro s 4 H AR AILFA TR 1Y BL S8 B (5114, it

a. 1B FEH 1%

b. IHARE S 1

c. HRLSEE 2

T—FRINEREZE, 43 e 28 AR . 5
UE B2 S 5 P AT RO E P DE AR S B A 8. R 4
o, TR SE S 1~3 43 B T AR R AR P T A
REUNGRAIE, DL UE AR R i m . mT LR
W, 3 AR R 2 B AR A — s R,
JUH R B g i JE AN i e %) FID A1 PSNR =42 T &
. LSS R 4 PR LT IS

R4 REBEASERCBNNITEER

TH il SE FRURTEN PSNR/dB SSIM FID

SR 1 i 17.67 0.410 170.81
S 2 I 2t D 17.35 0.514  203.01
S 3 AE 19.10 0.468  108.55
A 24.89 0.681 67.94

d. THRESEE 3

K4 TH RS IR IR

S 1 PR R IE A, SN
StyleGAN 1A= il BLEE 7= A i s R YA 4
EERFEIEAE A, R R ER R I E U T
B GAN S, RIVH 2% Bdmts . XA ik
AE S 7 20 7 IR A A5 P2 1 I 000 I 6 Ul S 1 R

&, SR R gE =515, k== mEE, W
M HWRE T & REtE, PhRE= WA, sl 4b
7R, SEER 4 A RE S 5 ISk K (0 R 3 AR AL
(HR B S SR SRS 20 A 24115

U 2 TR B A P e A I — AL
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ik (batch normalization, BN). BN 1] L X 4 fith &5
FRIESEATIH—1k, B AEST & B0 M0, Hikk=X)
ANFEIANT R IR AL B, SC5G 2 5 IR R, R
o i I 5 A B PR 1 o A K ), X
FID 1 PSNR iX 2 Wif& 45, NI 4c Fron, 29 dm
15 12 5 A i R I B AR R SR A BRI, A
G 24015 A R ik

S 3RS BRAREAY, KRR g A I A AR N
A, W 4d s, EEA RSSO T,
SRS R T BRI v T, H A BROR S
AE A% W2 B BB 40 D5 . A SCHR M 1 e 0 22 D) 4% LA
MoK )41 1 7 il A 2 RBERRIE(E B, A B T4
R [ SR RFAEANSY . e ok, b 2 A6 2% =22 7]
() 22 RUBE T 42, TS T f A A AR AE 1 53 A
BRE S, SEMORAN T B gt P 28 & £ & 18 U
B = 23 [l B A5 SRR 2

WE de Fiw, A7k R R F B 2 A I3
Z REERE, JoIe e 58 R AN R 8 40 4R 2
BT A AR AR
3.3.4 BRI AEAR 5 1 S g

Ry it — 25 B AE A SO AR NS R AR )
s N, AR SOOI SR AR R A R R R
AT TR, W 5 FiR. ATRLEE], AR SO g
A A5 b 25 B NS TR AR, [R) B A e b R A T
SR 5. SR AS SO AR AR — 2R e 2Z Ak, i)
w, EARISEAYEE 11T M EEAREE 3 17)
e, NI BRSO 1) 2% R 5 R A X A 22

a. B
K5 ARSIk Ae HUE AR & LR OR

b. A 3CT7 ik LML R

4 £ &

RSO TP 4 ) 4 - 5 2 B R - A D 4 B9
HEZR, T fifp e PR 45 25 AR TR 7 A e ¥
A B PR E SRR SR S BURE AE I AR i
JE 4 S 1 J7 2R f Uk P 8 e 6 R R 31 25 5K
iR A KR AR SO AL Gt G it A -k T e E SR
BRI 5k 1 2 B D, ot AR T IR R L
BT 55 v Sk AT B9 R8P R 1 45 A o 7 o
ANTE R R AE B R A, [RIHEAR T StyleGAN 1
P AR A 2 A v DR AL R P T i R 194 1T 5
MEERTNAR b2 s 1 g AR E k. AR
TrER M T Z 2 R AR LS 9 S, DR A7 A AR
ISR BOR | RIS AL I R B0 19 R BR . Rk
B AE HE— A5 5 TR B BE 1 A9 2R At 1, R
SR 5 P 2 A A, LA v T 5 2 MR 1Y Ak 2
BRIz 1 .
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