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Abstract: Implicit neural representation characterizes the mapping between the signal’s coordinate to its attributes, and
has been widely used in the optimization of inverse problems by embedding the physics process into the loss function.
However, the implicit neural representation is suffering the low convergence speed and accuracy from the random initia-
lization of the network parameters. The meta-learning algorithm for providing implicit neural representation with a strong
prior of network parameters was proposed, thus enhancing the optimization efficiency and accuracy for solving inverse
problems. To address the important issue of lens less phase imaging, an intelligent method on phase imaging was pro-
posed based on the snapshot lens less sensing model. By embedding the optical diffraction propagation theory into the
design of loss function for implicit neural representation, the dependency of large-scale labelled dataset in traditional deep
learning-based methods was eliminated and accurate phase image from a single diffraction measurement image was pro-
vided. Furthermore, the meta-learning model was introduced for initializing network to further improve the efficiency and
accuracy of network training. Numerical simulation results show that the proposed method can achieve a PSNR im-
provement of more than 11 dB compared to the conventional method. The experimental results in real data show that the
phase image reconstructed by the proposed method is clearer and has fewer artifacts.
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SRl E S B NG oy S RN A o 7 T) 35 4 G
ML ATV 3 7y AR ] — 28 R £ A
UG T AR, AR SR P AR o = S S SR s
B A K & bR 2 I SRR AL s 22 WX 28 224,
PASRAF— > X G2 (8] 21 H b G 25 18] 38 FH i
BRI SRR SR Eh i RS SR B B
B EER o ARTAE AT, BTN D 0E S HE DA
RIBORE AT EAE R T2 1%k, IR
BT AL R EZ AL Y, PENRALEFREA L
IR R AT AR T — KA RSB AR
[ B 3] s R X — i it L S,
PRI SRR FE AR 28 X 2% (PhysenNet, physics-enhanced
deep neural network) ! ATER AR 5 A 2 ) AR
P AREE G, LB SRAT S & B AN, 7]
WIZRE it DAL R . T2 25 [T RA P2
HIATET N2 4EST% (DNF, diffractive neural field) [
J7IEWFFH 22 J2 BN I 28 B0 R W I A A 1 2
HABRRE NN, HIRIE SAHGAE A, R4S
VIR ARSI 24 1 1 IR BN R ildl . SERET
FEAEY) A0 I FE R PhysenNet ANJF], DNF E4%
Pzt 7 MAAAR 2 [A) B AR ME AR A7 (R B, DRI X %
ZH & /N T PhysenNet. #R1M, Ji#f DNF 775
B2 Y I R SRR AU 2R B N2, BRI T
GIEEE, AR T2z, I H DNF KH
BENAIEE I N S5, AMESEERER, &
EHINGMAERE LR,

BAEGG BABIAN R, oS R L AR H
FEAATEE Bk, I PG AR IR ST A B
AT T IO B AR RE 8 ST A OE B B FLAR
(NA, numerical aperture) 5| N\ RG24 FEARRR G, [F]
IS 7 HE S R AR DR AE R A S A 3 1
JZRE SR, ARG EEAL RSN A TR 5 1)
SREEAS S, W RS KRR A RIS B2 T
TG AR B — N B A TAT I GO R —
S K P (I TCB BE G AT VS R S
FEAHTFOGHRBA T (1%) 22 5K AT 5 I 2 MBI F 45 G A Ak
HAEPOR BRI BIRIEEIE . B BB AT
DNF TR f M AT BASAR R, @i oty
FEABUE AR EE B REZ IR EIE, HAHA
B 5 ) A REA I SR EE MR A5 B . R 2 il

T 77 R BRI TC 3% B SR T R, A DS,
T AEYES RO . T SEBEh A, B
AR A AR A TEE B N 25 A AR AL T B B
(7 SR ILIE I REA AR B AR . SR1T,  MCERIK
56 FEE I B R SRR AR AR AT B — AN R GE R 7]
B, RGN 5, W GS (Gerchberg-Saxton)
Bl e ARAL SRR S, AR A A LA
HUASEC I i B R ASOR

Ak, BasUpha RoR e ) BK g 453 3 1
JZ R . ANF TSR T HAH R AN BRR
7~y BRI RN A N A G T B R T
BRI IR, TN AR, frH N B TEE, 8
W AEH 2 JE 1ML (MLP, multilayer perceptron)
SRR B EER SR, HEEOEAN A RR
FHEE, BaMa s BAAEL RS, S5&4%
GIRMamgmt, RAmarsBEasHED.
BERREN S X0 IE B A A R IX — ]
A, AT A TOE BRI, 2t — Pt
T H B 2 R B AR, BRAE 1, LS AT IR
FHEL I AN A TR &, DUH BRI SR
JEE 2 2] D7 RN R R A S A ARHG, o I Sk 4k
R B B B BN GRFE A DR ) 1) /i, AN 75
Bk oR BEEURAE N, BRI a] SEEGAE A ALE
B ER WA . D, AR e 5P
XTPHEE W 28 I S B AT AL, DR T A A
IR AL B R AR B . Aok, R 22 2 G
AL DX 8% ) 2 AR 00 A9 AR (0] 2 S A A 381 AR 6745 8
BRI, FEEE G AT R B AR, el |
AN GRS 5. A, ARSCFIHIEH 2
learning to learn [ EAHPY, Sl FIHEHLAG B &
— AR PR ABO, AT 55, ARG 1R %5
a5 LA AT B R oo 2] (MAML, mod-
el-agnostic meta-learning ) 8y R 14T 702 )
gk, DRI PTG ZE,  aT LR
FEAR R RN IR E— R IISE R, AEUs 3RS LT
PIAR R . e, FET FLEE AL SE s B sk
g RHR, M EgGuERE R, AT
EERAL A & A B . A2y
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2) X BB LR IX — B, AR
VBRI 5] 5 10 BEAR AL AR AR, SCIL 13 TR
WO 9iR P PRI AR B, BT DAY AT S R R
RIS 8], SRR T A% GER I 5 2] T o0 KRS A 52
IR, SEBL T XA AL B BE ks P L

1 GEESMEE

1.1 REBX B RRRE
T eI PR T IE BB A A . A SCR 5]
NIRRT AT 6 BRSO (AR A 4 @(x, v;0)
M MEENNBEL SR —NEHYG
U(x,y;0) = Aexplig(x, y;0)] » HARHI7I58E 4
RN—AVERL, WRE A, ETESUG I R R AT
WrilbR, FUEASOE 4 Witk 1, A2 ZEA B FE
NU(x,y;0) =explig(x, y;0)] - HRAEICHIAT S &R 2L
WHS, PRSI 2 = d e E 5N
U(x,y;d)=PSE, *U(x, y;0) (1)
HHp, PSF, NAEVE/RATH (Fresnel diffraction) f&
EIEE N d 15 ek (PSF, point spread func-
tion), * NHEHIEHMFS. BT EGMERE G0
SR REE, BT CABE B AL 04k 2 = d b1 B
FE IR | S BR R 3 BT S = R N
1x,y;d) =[UCx, y; )| 2)
L@t — 28 & MNHN HPxy;0)=
I(x,y;d) =|PSE, *explig(x, y;0)] » Hrh H () AL
Ytk o BIGTETI R EG 1 2 A s, o W3R
INAARL G B AR o B ML AR I H ARl
9 E H B L RS CRE R TSI E B G
I(x,y;d) > RGN I AHAL 04K @(x, 50) o
1.2 BB EeEAm KRR
fE g 5 T I B ) MG A & M 4% (CNN,
convolutional neural network) 77 %18 % H U-Net™™
SkEFMAEE, KRN ARTHNEEG T,
s RO R ¢, I SR R AU bR
ZHARRALE NG SHL. SRTAESEPRIENL A, KAk
K FRT S I00  PRAG R Eoh 7 ) AR AR 7 R A AR
PRI, DRI, U-Net iz AR 1o 2 IRTUI R 5dn 4
FRIRAE, 225 MBI 1 U-Net S S5l 82 B
FRIRI B8 % A R AIAR A B AR
ASCHE I A B U SRR B AN 7 AT A ]
EARAL G, HAL T ZE Rk AT 5 I & G s o] B
AT ARG . HLRHL, ARSCH MLP M4 H

N6 S AR O PR A7 4 A £ 2 J e s 38 HC AR A7 11
FasRiss g, : (x, ) = @(x,»;0) , HHF 0 F/R MLP
W28 BUE A B, AH LA S 7 ) CNN,
MLP W BA S48 /D . RSN . Y
51 SR e AR AL UGB SR AR i B 1 Fos, AR
AT MLP 25 8 Nk Z 4Lk, BB
JRE 256 M TT, FHHE 442 1E #. 70 (ReLLU,
rectified linear unit) EAEGE R (REAEHL),
HZRA Sigmoid 7ENEOERE GEAFTL).
MLP [ £ B AN AR A 0 1 23 38 A4 b, % i A AH
fir, MLP MZ5 AL H bz

0" =arg Hmin”H EHERD)] )

ASCIEI R MLP WA g 5 AHAL AR 1
VIR H 856 RINGMA ML B g M
7% A AL g, (x, y) S0t A AL AR #2453
HAEMATHE H(g,(x,») » RJ5HEERATH
M5 B ATHIE 1 11377 3% % (MSE, mean
square error) E N4 R %, ML H B b
YIRS S5 0, e 2245 2 (1 B AR A
b= g, (x,y) -MLP 2% £y T T SRR B A2,
FERL A R R BT TR IAE, I T B &
IHAA R BAR AL UG i o s U, AR SCE S I8k
Bl N MLP W 2% 2 1l S A8 A7 B 4nfis (PE, positional
encoding) M HLILE S| A 4 A e LI )

PE(x,y) = {cos(2nso,x),sin(2nso,x)} U

4
{cos(2mso,y),sin(2nso, )} @

Hrb, o, ~ N(0,1), MARitE s 70 A BEALR AT,
s AN OB R o B AR SCEUME 17 3 52 56 AN LS B
s, L=20, s=6.

FESEBRSEIAHT, PSF BHIZAK, M- SFEHHAL
BAGHBISRE H R AR FEN O T IRTHIZRRL
R, RICRHMEFRBEZEREAE, W PSF 72%%
W SR IE FAEA A TSR EL (CTF, coherent
transfer function) 7EAHHELFHEH ) LSz, XT3
HEREMON?) FKEI T O(N1gN) -

CTE, = o HEHE ,PSF, = F'(CTF,)  (5)
o, F() B RIS, (K, k,) FR g
W AR, &, = 2m/ 2 FORIEEG X AN
FRMPEC. B, B 4R RO

L=|F"(F(g,(x.y)-CTE,) - I(x.y:d). (6)
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1.3 JTEIINE

JLEE SR RN AN TS EIRIAL, M
T H2 TR R AE R SRAT 45 1242 ST RE I ML 3% 2% )
I, BTSRRI . A
T IRTE R 1.2 R BEAR A AR S ) EE R
. w1 B, XTSERE RS, FIH
MAML 53238 MLP 4% 01465400 , SRIE1E
FH 45 € I 50k S ARAT S0 & RGO 0 JEAT A, AN
T B HH B v T R AR A R

EE TRV ﬁﬁwﬂm%%@%ﬁ<m%%ﬁ&
K. ATHTERES . RS HIATA PRI ARN BB AT
BAHBRM— R I AT T 5 ARSI R0
TIFIFEAIARA TR SR)E, 8 SC— M RIEARLL BB
4T =T, T,, -, T, },T, ~T , Hrp&— ALK
BATSS T, WA ARSI AR @, o AHSLEIAT S
I =H(p), HHERG)AR(OG)H, E4 % MLP
WLEAETY g, (DL T, 4555 T IR R Ch

L, =|H (g, ) - L] (7

& 6y FRES T, LRI SH, 0, 2R 1T

% T ERRIEAT T jIRBRE TR ER G54, &
SR N a, MIET NS T (SGD, stochastic

gradient descent) HETHIZHN

0., =0,-a¥,L;(g,) ®)

XA MLP SRR g FEAT55 T, LAY
m R BE T B (R I FE R N IE R .

WIE, KH MAML SRR 2% B985 24
0, MTHAL UG TC: NG EE WL 1, H
Ak H¥rh

0" = argmin Z ET‘_,(ga;) 9

S s LS e T T
5 31 1) B RRA 08 P 762 51 VIR BT 2
TR (4T HE S5 b R IL AR MO PERE . 5 HR ALY
VI 2 5 BRI SR . 8 UORAE—ME
TeT, {ESAES LIGTSEN B R, FBEHLS
P R AL T TR BT 5
0=0-p,L,(z,) (10)

Hrp, gNEED K, SMEA SR E TR 225
HW%LE%ﬂﬁ%MEEWﬂ/ﬁO
BE1 AT B I e ST RE
BN MOBAGAESS T = {1, T,,--, T, } » N1
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I IMEARE K a, B, Bl g, HAYIGESHE O
W R REIYIGE S e
BENLA IR B Y0624 0
fori=0,1,---,N
KEE—MER T, VIS 6 =0
for j=0,1,---,m—1
AR g, ()

AT R T (nnd)=
7 (F(g, (x)-CTE, )
BRHEG L (g,)= |1 (xyd)-

Iy,
PR B T W v 5 97 7 25 4
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end for
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2.1 HRBISLI

A A#E A PyTorch JESZEL MLP W28 578, %
F Adam 4L 28PUWAL R 25 (R B AN B, B )
G134 0.001, 7E 3000, 6000 KiEACE, F
SRR ERE) 0.1, JeFE G RIN
A6 A0 A0 P 350 % FH BB LG BT o3 92 R B 3 IR 2%
SR, B K as B8 0.001. ASCHTE K
fE— & MRS EigdT, Hh CPU A '54 Intel(R)
Xeon(R) Gold 6226R, GPU #!'5°4 40 GB ZAE)
NVIDIA A100; GS H #5256 {4 H MATLAB 2021b.
22 HEHIE

{17 FLSE 562K F K /N 400 px x 400 px FE 2K &
BAE R IR B B ARG, SR 5 AR IR TRV R AT
FERRERTHEAS Bk L IR, RIIZREdE . ABAL
B FE, NSRRI O 2 =632.8nm , FH
PIREAR B RSN T AT FE S d =223 mm .

B, MM EEdESE, JFE IR
765 ST GRARAG H — AN I N 25 W1 aR 2 4. A
1t A3 M ImageNet 54 4 EALIHEL 8 000 5K &
F SRR RETK B R 1K 400 px x 400 px 2K FE
BUG A R WM AR 2 A, FAR SR AH [F] B AR AL
BGOSR TH A B R B R R R . RETK SRS

BRGNS B — AR AR AT 55 N 2R84, an (4
T NN 8 000 R IE A A AR AT 55
o EZATFHEL, TEINEMIMERHAT T
8 000 VB % T Bk BB W ih = 4k, Hh A
WAEFR AT B IRBR R T R e IR g G, f
RIS I 28 ZHCR VIR R, SRIEAE#T &
P L e P O AR b AR A P

B BRI E LS R 2 fros, XFE
T ARSI B A B e AL RUE L RS
GS HEICT, LA SIS (4S5
BENLRIEAIL) BB B MR, 73 HAh Je i
FRET, GS BIEM R TRATH I & EUE RS H
MG B EER R ERIRE; S, A
FEH IR B B B AR A7 BUGAR Y RE S WK T H B
W2 GPYRAY . WD E AR E A R . ER A
HREAE b, ACEES GS BRI E AR R
AH L, UE{EE B L (PSNR, peak signal-to-noise ratio)
Sy HIEEE T 11.38 dB Ail 12.41 dB. & 2(c). K 2(d)
X 6T AR SC TR I M B BR A A A Y AR
i FARUASE FH 62 ST RIS, 952 R AR 7 B 2
ForZERE, AT RIS B 5 5
BENLWI A S AR AR b, S AR A G
W, WEEAEMELL 3 T 6.88 dB F1 3 dB, %
g8 W3R BH 0 2% ST I 2R 52 0T DL g B 312 I 445 A5 R0 42
PE—ANFUFYIIESE, NI SO AR A T 1 30%
R R

T3 B9 v ot 2 ST ZRAR AL 16 9 48 40 4 2 40
HA BRIz, TEAFSER 5 T X6 R %
FETH LS VI ZRRICR o ARSI HR AT AR [ S04 B S 4L
HIRTHTRAES d , Rk, ASCTE Cele AP sE FdbfT
TR, HA BRI PR 178 pxx178 px.
B4, S HIERTHEEEA 20.3 mm, 22.3 mm. 24.3 mm
(1) 3 FAS [F) S 56 v B T EAT 762 ST Sk, 43 2 AH B
I SIS HL, SRIETERTHTEE RSN 22.3 mm 1)
SR FEAT A, A 1R E A A 2 2 SRl
SPEXT L B 3 Fros . B 3(b)~ & 3(e)*f bk 7 Tt
NG G AR CEIETEA R G E RS gs 1, s
B0 g R WA TR SR 560 2% B R Jn 2 I IR I T 46
SR RE B E W T MLP I’ 4% (1400 Ak 13 J3 A
MrEFERE, BRIz, BT msm
VIR S HC S I GRIR AL T 3R 505 B, A
J7EIEAR 100 YO8k R DAFS 2547 (1 AH A7 #1320,
WK 3(g). K 3(ATR. AXEHES GS Hikitfr
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RO, A (SSIM, structural
similarity) & T A&, BT EIEREZ XA
REIRA 5 A SCRVE A A S U
23 EXHIEXRE

FER SR S, AR T PhysenNet!!
Fri b (0 PR 8 OO0 B AR EAE d A7 I oot
TR R RN 632.8 nm , TR AT R B K]
BAL IR G E RS N8 um, ATHHEEE N 22.3 mm .
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TCE IRV S HCRAI U AT, 35 0] DL 2505
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BEAE e . AR — A IR Y E R G
JRAR TR AL, JHL e R SRR 48 RT AR AR S AR A Y
B b SR AR 0 R . R P, AR



#H2M KRS PIEAR 5] S 007 e ka7 BuR <41 -
SSIM:0.657 SSIM:0.903 SSIM:0.873 SSIM:0.896 i, n
< ‘ "
% 45
ﬁ
=
3n/5
m ' 2n/5
&
R
E ' /5
=
s 0
(a) EAEAENE (b) L% (c) H% (d) HL¥S (e) H¥% (f) GSH%:
d=20.3 mm d=22.3 mm d=243 mm
1.0 1.0
-o-HILY¥ A (d=20.3 mm) -A-FoIn % —o- AL 3(d=203 mm) —A- JeILE
—-H 0% 3 (d=22.3 mm) -7 GSHE% - A0 (d=22.3 mm) - GSHA
0.9 a4 722% 3 (=243 mm) 097 -=-# 752 55(d=24.3 mm)
0.8} 0.8
; 0.7} = 0.7
w2
“ 06f < 06
0.5} 0.5} 4
0.4 = v v W v v v 044 v V v V aa \4 v
03 1 L L 1 1 L 03 1 1 1 L

0 0.1 0.2 03 0.4 0.5 0.6 0.7

Bt il/s
(g) MMEIRA

0 01 02 03 04 05
W i)/
(h) MREHRB

3 AFISEAH L E R A5 RS XS H

(b) A2 ¢) AL
d=20.3 mm d=22.3 mm

(a) 25 HE

(d) FL¥3
d=24.3 mm

(f) GSH.%

B4 ASRHEEAAA R SR

b, AT NG RE R D BAA R
BBRIESH, A RO T TR R 0 A
BUTERE . Pk, £ R SREER BB KEE A+,
A SRR R AL 1 —FhAT HOR A Pl A5 L R 3
IF) R PR 7 91 2o

SE k-

(1]

(2]

B3]

REN Z B, XU Z M, LAM E Y M. End-to-end deep learning frame-
work for digital holographic reconstruction[J]. Advanced Photonics,
2019, 1(1): 016004.

REN Z B, XU Z M, LAM E Y. Learning-based nonparametric autofo-
cusing for digital holography[J]. Optica, 2018, 5(4): 337.

WANG H, LYU M, SITU G H. eHoloNet: a learning-based end-to-end
approach for in-line digital holographic reconstruction[J]. Optics Ex-
press, 2018, 26(18): 22603.

[4]

[3]

[6]

[7]

[8]

91

[10]

[11]

LYU M, WANG W, WANG H, et al. Deep-learning-based ghost
imaging[J]. Scientific Reports, 2017, 7: 17865.

WANG F, WANG H, WANG H C, et al. Learning from simulation: an
end-to-end deep-learning approach for computational ghost imaging[J].
Optics Express, 2019, 27(18): 25560.

GOY A, ARTHUR K, LI S, et al. Low photon count phase retrieval using
deep learning[J]. Physical Review Letters, 2018, 121(24): 243902.
ZHANG G, GUAN T, SHEN Z Y, et al. Fast phase retrieval in off-axis
digital holographic microscopy through deep learning[J]. Optics Ex-
press, 2018, 26(15): 19388.

MONAKHOVA K, TRAN V, KUO G, et al. Untrained networks for
compressive lensless photography[J]. Optics Express, 2021, 29(13): 20913.
BARBASTATHIS G, OZCAN A, SITU G H. On the use of deep
learning for computational imaging[J]. Optica, 2019, 6(8): 921.
LECUN Y, BENGIO Y, HINTON G. Deep learning[J]. Nature, 2015,
521(7553): 436-444.

WANG F, BIAN Y M, WANG H C, et al. Phase imaging with an un-



© 4D .

L

76

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

trained neural network[J]. Light: Science & Applications, 2020(9): 77.
BOSTAN E, HECKEL R, CHEN M, et al. Deep phase decoder:
self-calibrating phase microscopy with an untrained deep neural net-
work[J]. Optica, 2020, 7(6): 559.

ZHANG X Y, WANG F, SITU G H. BlindNet: an untrained learning
approach toward computational imaging with model uncertainty[J].
Journal of Physics D: Applied Physics, 2022, 55(3): 034001.

ZHU H, LIU Z, ZHOU Y, et al. DNF: diffractive neural field for lens-
less microscopic imaging[J]. Optics Express, 2022, 30(11): 18168.
ZHOU Y, WU J M, SUO J L, et al. Single-shot lensless imaging via
simultaneous multi-angle LED illumination[J]. Optics Express, 2018,
26(17): 21418-21432.

SHECHTMAN Y, ELDAR Y C, COHEN O, et al. Phase retrieval with
application to optical imaging: a contemporary overview[J]. IEEE
Signal Processing Magazine, 2015, 32(3): 87-109.

FIENUP J R. Phase retrieval algorithms: a comparison[J]. Applied
Optics, 1982, 21(15): 2758.

ZHOU Y, HUA X, ZHANG Z, et al. Wirtinger gradient descent opti-
mization for reducing Gaussian noise in lensless microscopy[J]. Optics
and Lasers in Engineering, 2020(134): 106131.

MAIDEN A, JOHNSON D, LI P. Further improvements to the pty-
chographical iterative engine[J]. Optica, 2017, 4(7): 736.
HOSPEDALES T, ANTONIOU A, MICAELLI P, et al. Meta-learning
in neural networks: a survey[J]. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 2021, 44(9): 5149-5169.

FINN C, ABBEEL P, LEVINE S. Model-agnostic meta-learning for
fast adaptation of deep networks[C]//Proceedings of the 34th Interna-
tional Conference on Machine Learning - Volume 70. New York: ACM
Press, 2017: 1126-1135.

TANCIK M, MILDENHALL B, WANG T, et al. Learned initializations
for optimizing coordinate-based neural representations[C]//Proceedings
of 2021 IEEE/CVF Conference on Computer Vision and Pattern Recog-
nition (CVPR). Piscataway: IEEE Press, 2021: 2845-2854.
RONNEBERGER O, FISCHER P, BROX T. U-Net: convolutional
networks for biomedical image segmentation[C]//International Confe-
rence on Medical Image Computing and Computer-Assisted Interven-
tion. Cham: Springer, 2015: 234-241.

RAHAMAN N, BARATIN A, ARPIT D, et al. On the spectral bias of
neural networks[EB]. 2018.

MILDENHALL B, SRINIVASAN P P, TANCIK M, et al. NeRF:
representing scenes as neural radiance fields for view synthe-
sis[C]//European Conference on Computer Vision. Cham: Springer,
2020: 405-421.

KINGMA D P, BAJ L. Adam: a method for stochastic optimization[J].
3rd International Conference on Learning Representations, ICLR
2015-Conference Track Proceedings, 2015.

DENG J, DONG W, SOCHER R, et al. ImageNet: a large-scale hie-
rarchical image database[C]//Proceedings of 2009 IEEE Conference
on Computer Vision and Pattern Recognition. Piscataway: IEEE Press,
2009: 248-255.

[28] LIU Z W, LUO P, WANG X G, et al. Deep learning face attributes in

the wild[C]//Proceedings of 2015 IEEE International Conference on
Computer Vision (ICCV). Piscataway: IEEE Press, 2016: 3730-3738.

({EZE ]

KR (2000- ) . B, AR E TR
5T ST EHLRRE SR R4 B
FBL, EBHAOT AR SRR
FB R

KR (1992- O , B, i+, BEREK¥EE
BFFC L, 3B 57 [ A B S R A 48
LRI B

RBiig (1990 > , J, L, BRCKFD)
BHSE . R G, BB RO
FRAHEG EESEMRE . ABLRM
BB e BRIV RE B R RS

OR (1981- ) , B, i+, maikeH
¥, FEWHFFR T NERAAES . AT
g, HEEG. R,

B O(1983- ) , B, L, MR R¥EH
B, FEURTROAEUG AL,
g HERGE.



