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s Bt BTSRRI X .

A ESTRMEMEEE LIRS FRIRIL A
S5ANEMRRGERIXTLL

BHET WRF' BTET RHI OF oM
R EOERERE, Biat, 210097) (CFRAHLT 2 FBed KOUmBIRT, S, 02139)
O P EBEBE ORI , VAR 5 O R T 902, Jbst,  100101)
(PR R L AR, dEat, 100049)

B 2 ELEBR A S A T A RIRE . AR, IR RIZ M4 (Deep Convolutional Neural Network,
DCNN ) TEASULAI LR AL T B SRR BE Ty, TS AR HIAL I A 47 R AN 2 ML B2 Tl . R,
FIZEIRNBE ) . AT RN SRAHLE =7, RELHAR T DCNN 5 AKFERSFLIRI TR, 1) 8%, DONN 24
AZEH SR EALIRBIBE 17 IHIAL SR . PR B4 SRR T L &, PFAE DCNN FERAL IS iR 8L 2) Hak, ]
& DCNN TEUNMERTE BRI, HOn TSRms e 75 5 AR IAT ML — 3k ST 2 ety T FLn o800, CAnf s dons . Fii
BN BAENERAE ) 73T DONN 5 AN TR EAARRIVE 522505 3) iE—20, DCNN BN AR AR A 5 AR H LN 1.
PR BRI S 2RI RE L TIN5 T, LB RAE 7 505 AR IUN R GE Y Pl 22 Sl 22 ] R0 G 2R o
IJE, CUTTRIRITE SRR S Ak . SRR . A R G Ay A TE— e SR BRYE, AR T — PR R

LRSI 4 B e O T R 2% R G

xR L BPMEMLE BRRINEALX R

1 5|

T FLAE 3 2 F W A S5 B (B, AEE.
PRSI, IEEESE) |, AR FIFPRE A A AR AR
AEENIE X (O’ Toole et al., 1998; Rhodes &
Leopold, 2011 ) . TFLIRBIAIE NFStE 38
MR INATRE ), MRS R L T b 2
Uifig (Calder, 2011) o KLU, OREE2EZE. A
PARL2E R BN 5T & — BB TR
LN T AR Z ML ( Behrmann & Avidan, 2022;

[l

Do

O’ Toole et al., 2018; Rossion, 2014) ., B FA W5 FE
B, AZETEAbEEmFLIE B S5m0 R
JEBL = R R e, LR R IR (] B RN (Yin,
1969 ) A1 1 FL B A8 48 ¢ %5 ( Hadjikhani et al., 2009;
Tauber et al., 2017 ) . XLLME LKW, REKIEHY)
e E AL A A T B &R e BERR S A LN T
L] (Tsao et al., 2008 ) . MR A% HE A= BRAE 5T
KI, HAH R, FEE BRI XY, AR K

“HFLEEREZEIT” o SRR IO O LA™
ARERERCH, HBEX AR RIS TALAY S ik
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1% ( Desimone, 1991; Kadosh & Johnson, 2007 ) ,
OB T — " B RE R LR R S A
KU RERE IR G TR BAE 7R T — %0 By THFL 0
P2, AR T T B U BR[0T TIFL X ( fusiform
face area, FFA) . 1 57 &b B IE A KRAE 09 #A 0 1T £L
[X (occipital face area, OFA ) Lk} 43 #r 8 245 32 1%
B 5 #i - 74 (posterior superior temporal sulcus,
pSTS ) (Haxby et al., 2000; Kadosh & Johnson, 2007;
Kanwisher et al., 1997 ) .

WA N TR e R R AP &, R EH
2 W 4% (Deep Convolutional Neural Networks,
DCNN ) 7B N T 81— A 2535, FEAL
i A LA P40 e B I 25 A9 A Y (LeCun et al.,
2015) . DCNN i £ )2 Bl 28 JU 2 AR, 3 S i
Zotil it BB EX A CnrfLEIG ) iF
TTRAESEE, TR AL RS A a5 2 I 2% J5 0T 1)
LN, AL mLIEN (WEH—) ,
1% % M A5 A A0 35 AlexNet. VGGNet il ResNet &5

(He et al., 2016; Krizhevsky et al., 2012; Simonyan &
Zisserman, 2014b) . 52 Lk, 1EG M ARRAT5
10 Eigenfaces ( 3T F B 4143 41 ) 1 Fisherfaces

(FETLAEFIN AT ) RN B 5 N TR
0, e/ ISR S T BA —ERU0R, BTN
XA GHR . RIGEE L BRI S HEEA
JEFZALRE ST FR ( Belhumeur et al., 1997 ) o A5,
SRR R YRR (40 HMAX FT VisNet ) DI
MR ABRAREIN T A&, SRR 2 5 A
222, XABIRAE—E R LR T AR RS
AN TALS], ABHPUIREEE . IZRSCER A SAE KRR
PR P M T, AT T TS T AR I 2%
FAI - (Riesenhuber & Poggio, 1999; Rolls & Milward,
2000) o PRI, DCNN LA HE 3 i £ 1k g st
REJT . X0 Aot A8 S 1) ey B M L SO KRS
YN R Arad e, 2B RS L T
BUHIAY A TR — 5T, XU R AL
Hs Y29 DONN £LRY, 7E 00085 B T 2 ik 2
e Z T A2E/KF (Phillips et al., 2018; Taigman et
al, 2014) ; 53—, DCNN M Z4m TS
NG AR 3 % HAT — o B 45 R 5 D Re AR, TR
P28 FRAEAR 1t 32 30 5 M B A B 0 A+ DG 1

( Eickenberg et al., 2017; Grossman et al., 2019 ) . At
TR DCNN 5 Rl AL THLAR] iR [R]
AAAT BT A H AR o 40T 28 T S ) EARE Y
WA BL R T — Rl A R T A,
B8R Rk — “FRAE" myistrhLsl,

IEHAESK, DCNN T LA 53 G sl 1) S 2 250
BAEI Z , AE PRI AT ERIRL, DCNN 3
fi NS AL TALRIREE TR R B, A0k
FRGi 258 DCNN 5 ABAE LIS i 5 (A
5%, DONN & A 1A 5 A Y Ll ae 717
ASCHNTEALE Gy . VR 1B S 2 D RE LR
&, Vil DCNN 7ERBIESS iR, Hak, R
DCNN TEIRBIAER P TR B0, Hom TR g 2
5 ANERAT ORI —20 A, ASCHES A
FL A 28 B0 AR, (AR BN L BIEARN |
AEMRONEE ), BT DONN 5 ARAEI T 5kms -
FIAR IS 22 550 Bn, DCNN I N ERFRAE & &
WS N RGN T ML 7 A8 SOR S
MR SRS T AL T, 3 DCNN B3R
E T 205 NS T FL TR 3R G0 A b 28 Bl 22 ] (4 6T i
KR TEMEER b, A SCEARTT DONN 7E 2] A2
LN AR A R BR A , IR ARSI 5 1]
ETE AR 5 T RERY 52 SHFFEHR HE RIS
FERT a7 o

2 DCNN REE&S5AEBEINEFLIARIRE
17

DCNN 19 & JE U8 158 & % LT 5 53 2R AT
S5 BIBERSET R, e HOR TR AL T ek
o WFFE BRI, DCNN TR e PE
JERBENE IR B B, A0 N E L &
. AN SESE = AEE B K&, % DCNN 7Eix
145 PR B S A ZEARE B LN TRE 7 .
2.1 BiEE

HET, KB 2 A (1 I gl = 23
T L B O B R ARSI, BRIk, B iU i v
BRI i A5 5 DCNN LRSI AE S il s34
Fro DCNN BETSTE I FL B R T 55 H ik 21 i ik
NRBIFRIUKF? TF5RW, TR E R 5]
155k 3) T AZEHI7KF (O'Toole & Castillo, 2021;
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Phillips & O'Toole, 2014; Taigman et al., 2014) .
i, Taigman 55 (2014 ) FF & /Y DeepFace R Gt1E K
U FLEE E EUS T 97.35% BARBIMERR, A
2T NEF AWK ( Taigman et al., 2014 ) , Bfifi
TEFEXEREAT 55, DCONN W EH A #, Phillips %5
A (2018) HIBIFGE o3 iR Al m el
FIB LR RDEIR  MAERRIE R T ERE T
[F—E& . LS 5EAHEERRAL (gL
kLY ERE ST ), RO (R4 B4R
SRIAFLIUIRE ) ) AR R 2=k . FRAS R R,
DCNN AR AIER R E R3] T AL FKF-. 1k,
AMUIMERE W 2 2T SR B A vERPE - (Phillips et
al,, 2018 ) . XLEL K], DONN ALHEH A
YA SR B FONRE ST, R AT S Pl R B
MRF
2.2 PEHIFER
ANEA e UL S5 S, RBP4
WP 54, AR SR A AR S (Dobs et al.,
2019) . FHFsE R, DCNN g A\ E—FEifE
Tk FLAOYE ) ( Dhar et al., 2020; Hill et al., 2019;
Song et al., 2021 ) . 4N, WFFEH R W AHE 5
Midiik, WET Gt MR 2t B4 2] J5 1) DCNN
( VGG-Face ) ‘5 NRAEMERN - ZAT S HINRIEE R
(Song et al., 2021 ) . g i@ i PR AL (T
B LB AR ) SREYLE S5 5,
A3 SN R IR S S e Y 2 B, S HR EOH:
2 FUXT L N RAE . 25 7R, VGG-Face f T
S TERRAT LA R 98.6%, HFERAE 5 AZEMH
KMERIR 730 HE— 2 ST & ISR = A TIK
23 (AT RAR B, (UNTET R AR AT AR ) HEA T 108
FE I e R A B R T AR I T 7 =X
PR, Gt LN 55 VI 2R VGG-Face
5 NERAE AR R, i DRI 25 0 265 1)
AlexNet 5 ANIRAEAACH LT, X252,
TR FLARN F 4 )T DT 78 2 A T4 () A
25 (Songetal., 2021 )
2.3 1 ER
AR LI, ST SR TUIIZR DCNN fg

% [ & b= A T FLE 25 O R AE (Coldn et al., 2021;
Zhou et al.,, 2022 ) . Zhou M H:[A] 55 & e N EL 28911 2k

L T AL S 5 B DCNN ( VGG-Face )
HEE S FIE ARG (0. DO, Z4E .
SR R RVEYE ) B BRI ROV R AE 2
o, RIVEANTT DAIE# LG 4. A
(A2, 8 XA [A] 2 1 A0 ¥ 22 17 81 I3 ( morphed
facial expressions ) & B, XLz nRIME 5 AL
FERLR) FRAFTRVE IR RS H A8, Fil anfbinl
NFERE G M 550 . U SROERIRE . BT
btEs, it LS YIZRR DCNN ( VGG-Face )
MR FERTUEIGIIZG (VGG-16) SREIZRY
VGG-Face M#5 ( Zhou et al., 2022 ) , MUFHEHEZL
IHLE R PR RoT, R W2 R 2RI
KGR, X — 25 SR UL A T R
PO T i FL AR e 256, i 7 5 38
PR AL B e 28 R 2 A B AR AR B
2.4 NEETHE

25 LR, DCNN H AT 4230 2 ik A\ K1
MY TFLIR A BE J7 . HAR Z 40 DCNN {35532 5 7y iR
DL g1 2 N (E N W K T U o L I [ A 2 R
PG B IEWIA MR i — &P, DCNN Lig6%
TUNATRS RIS AR B AEREE,  HsC {5 B A T
A Z . BARIT S, PR B
RAEAE M R Z e ifiD; AHILZ R, FRE
SN BEE W48 2 ) I 2 8¢ 2235 ( Dhar et al.,
2020) o XUEEGEHE L B] T DCNN 7E#E 17 L)
IR TRE A SR FI AL EEE ). 5
SEZE IR, ARk g m L& 3K, DCNN JE
T — A A A R LA S, Hrh &
By, PR CRRILA SR B R IR E IR 00
A, WAKSHhmETHENZT, mCEmRmaGE
BN ETF &2 T (Hilletal, 2019) . HIL,
DCNN AJ e —FEAEAE “ A ASRI454 ™ ( face
space ) , BIACHRK ARk AN FRME N Z2 4ERRE %S [R]
) — i, B YEEEAGR T LA AP REAE (aniR
[EBE . SFvefs . RAREESE) , mfLzmm iR
7R T e A TR AR I B 2E R (Nestor
etal, 2016; O’ Toole et al., 1993; O’ Toole et al., 2018;
Valentine et al., 2016 ) . HF5¥ & ¥, DCNN AJ LI
ZIZARLNE e, F G EUGOE AD WL 2 s B i 4
PRFIEZS ], HR 2 i LIS B T — i
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T FLAE A HMWAFE (CNN)
p BIRE «~— EER
= |k s R
el | — (AL i wi | RIS :
P e
| -mALEHRE |
| - EALIERIE i
BB+ Rell - H E CWLERAE |
HR +Rell B +Re 040 [ RN
BHRE EEGRMRI ez &= HINC RES R P e .
(@ rmeymen & B s Sl

1 DCNN 5 A AR EFLEIRT LL S HTHESR

T LIRS A A DONNJF, RS 2 NERYZ L Bk R R RAL B, B2 BIRAL A 25 A% H . DCNN 7]
VLEA ZFME 55 BT, IAnsiRsy e TFLE R . MBI 45 402645 RIREI IR T L A0, e ie s AT

SV 2% ) (f45 EEG X MRI 55

s RPN ARG . AT 0 T A B AN ] 2 G P TSR S I I o] sl s TR AR 2 L g

LIAEHFTA I, FIEAFMALRBE R A RAEHLE o [RIy, AFFE ton] LS R IR . IIZR0r0, it — 20 U 432

SERGNIATHRIN, LU HAT h—EE.

ey NIZs 0], fEixzsmld, [l— S0 AR R EE
PRE RS, AF SRR RRCREE R, S T
B AV FRAE ( Grossman et al., 2019; Hill et al.,
2019; O’ Toole et al., 2018 ) . 1FEJ&H T DCNN JE#]
N TRE S RAERR T, (RO I AR
LN TALE B —Fris e, SR, S5 AZRMLL,

DCNN FE LR EAAAE R 2 R BRPE, 3 ILE SC

e

3 DCNN =& e ETAZEEFLIRABIIT A
N7 7

JEAE DCNN 7 LRI AE 55 H 0 e ff 1 2 R
Do, HIE TSR 5 AT AL —2U))
R — MMEARRT R, ik, WFSEE I T
DCNN S 75 e 280 ) ML A T Lo T4 7 AR,
Bl {5 A0 (Yin, 1969) | IR &8 ( Dahl et
al., 2010; Thompson, 1980 ) . FhZERL N ( Bothwell et
al., 1989 ) . BEMRLY (Kramer et al., 2018 ) LI
TR FLABAE 485 25 ( Hadjikhani et al., 2009 ) . XZEFY
SN R R AL TR S OGRS, RIS H
AR A, A T LA HA IR A R

( Kanwisher, 2000; Tanaka & Sengco, 1997 ) . 534
i —LHRFY DCNN & eI 5 A AR TT
MG, IR AR R X SR 5 R )=
R
3.1 fHIERU

MFLEIE %)W ( Face Inversion Effect ) 45 A2

XPIEST LRSI e T AL, Bl gk
e ELHERE 180° IF, AAMTRYTUNRE J1 2B W T R,
MAEE LR (IR, 4. %) 25 &2
WIE/N (Yin, 1969) o BFFEE N Rk e 1 1 FL IR
B T2 T (Holistic Processing ) , HJAZSTE
UM T FLET 23[Rl B 48 G AN TR AR CUnAR A . B
T BEE ) RHZSEICR ., HIAHX A IR
R ( Thatcher effect) , BIYifL{EIEHF, RIfIH
JRIBBAREAE A A B R (AR A IR IS g )
MATTEME L% 50 5+ % (Dahl et al., 2010; Thompson,
1980) o filt, WF5EFH {4 H] DCNN Sk 45 52 {5 # 4k
I (Dobs et al, 2023; Tian et al, 2022 ) FHFYI /KA
(Jacob etal, 2021 ) FNFEALH]. Tian A L[]0
T DCNN SIS LRI /2R %, 4553
K DCNN (VGG-Face ) f8 F &7 A= AL B0

( Tian et al., 2022 ) . Dobs 55 A it — 38 15k & 153 DT
BCAR 55 2B, R 5E T AL N 2R I 28 4 R B0
SRR ARLON, TS T AR ) I 45 DA HL A i —
FiPE (Dobs et al., 2023 ) % & BT AL ] B 4%
;] DI A 1T o LR A A B &5 5, idE—
PG 53 ZEHILTR R4 o

3.2 PG

RO (Own-Race Effect) 248 MATE R

NI, X H B e A i LR i g 00T oA
PR TEFL, X — 3N G0 B B IR T AR XA T
T FL I = 5 Al 2255 ( Bothwell et al,, 1989) o 24
BRITIZRN e EUFE DCNN b, 5T R FH B
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VTS, Pl DCNN X AL S T LAY
PULERR, 250K, 2 A NmFLaZaNZRm
DCNN 7EiRGIE I LA B 2% |2, #5210
T FL A 2EVIZRE DONN ZE U A LA 2B
£, it—4, MR EING TR TR ISRA N (B
) B B EFLAT I R, RS TR RS T
PEAT T HEHIVCRLE, (RIZAE A I R 0 P R0
A, Toit A T YR BN 2Rk 2 R 2 2k
DCNN 44 B Fl %R ( Dobs et al., 2023 )
X— &5 ) — TR T 45 A —k, M4BT E A
A F5 T8 Z2 7 1AL A B 6 42 % DCNN #4758 I
SR, AR Y L T AN N T FL A SR IR A
R, s A I T LA N L A B s
BNy, BRI R I AR 2 (Tian et al,
2021) o XEEEERRW], BN AT e LR
YRt e SR B =4, AR IR A R LA
BINEA 2.
3.3 AR

T LR A% ( Familiarity Effect) S5 20 R
FLERE AR LR 25 50 g B A C AL o 3 — U 2 A
TFL IR R Ge e in T AR miALAS B4, SERTi
HEU R, AR RAIRE A AL B 0y i R AR A
F2 RN R 2805 By IR e AR AL AR B
HARSE, HIEA LS R« NEFFIR”
#4722 (Kramer etal,, 2018 ) o FISFX— WA,
75 # R DCNN 42 T 58 2 56 6] LI 5%
Wi, A T RGNS . ik L K4 DL AL
LRMNGIFEI (Blauch et al., 2021) . Z5E A,
A2 AL GRS, A REERTRaAE Sy IR
UL S rh S Bl iz AR 1. A, BEFE JCRiE
2T B AR B ARG I, 25 2 AL RE Stk 32T
XFM, LG T A B O B A — 2 A
FAPE, ARSE SRR L. AN, BRI 2R
NZEH “BGRAL” Bl I X AR 2GR A T L
AT %k (fine-tuning ) , MIZSFERBITSS H 1Y
TR FARTE . XSRS R, B L2
REASHETEXT B A T FL IR BT BE 1 B B 12 2T 5K
£
3.4 HFLIBARAS b

AN TE RIS S S B ZE (ANt . A4

BRSO ) B, RS HR IO L, X
Folr I 52 9k Bk Ay 1AL AR AR 9 ( Face Pareidolia )
kPR AT e 5K Bl rg bR T L A I AL A G
( Hadjikhani et al., 2009; Taubert et al., 2017 ) .  Bf
5% % i 1% 1% ( magnetoencephalography, MEG ) it
SRR PG (BAR T AL R AR DS B A 1
P2 G By, 38 I R AE AR U 5 BT (representational
similarity analysis, RSA) , [ DCNN NH#ZRMES
2876 S A (Gupta & Dobs, 2025) . 44
RIS RS AT S5 N SRR AL LR 5 A
FHRAESS I (T LS B INZR) BRI LY
A NERMEBAE R FLAY MEG B o i —25 041 s
FERCRY LIRS OB T L A 2 E B 13 LS T
fL; A TUEE, W T8 P AR AL,
X — B ARSI TABR AR T FLAS A B P s
XA (Wardle etal., 2020 ) o XEERFFTLE R,
LB A S L v RE TR T L T T D BE,
117 2 R [ B P A T FL AR 5 P AR 43S AT 55 A By
7% ( Gupta & Dobs, 2025 ) -
35 /NS
25 Lk, DCONN AMUAE LR BIRETT bk %)

TANFEKN-, R — @ F R I A LR
BRI AT LS, BB 22, DCNN 7E16 48
WA SEAL B4R T — s S B LR
i By DCNN 2238048 75 77 A5 33 2 T FLAION, A TR J2 i
o AT B RN A S A MR T LSO,
588 23 I 280 A — A AR AR [ R T LR I K
BRI, Fea AR yLs], B LN T2
5 HA IR (domain specificity ) I8 218 F
( domain-generality ) ( Kanwisher, 2000 ) , £ %% #&
PEH T L F A8 (expertise hypothesis ) , 2NN,
TR T 0 K B\ s e AL AR S5 mT e g aE
BEXF CTAL X —ZEHA B R S L, T
T X e B L AR RS 4k X 43 1) e
PRI, 33— AL ST A e 2 A0 o i A v AT 55
(AR, B2R0)) o SR, TR g e
A SETE S0 UEZ AR LI 45 R I A —F, BEAFEIR S
H, NZERHEERALZES] (A% . 528) AR
FEMELL S i FLA KA A5 [F]) ( McKone et al., 2007 ) .
FHLZ T, {1 DCNN #- TR BAT SRR F
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GEE AT LA AR 28 I 24T 55 50 S AR,
M SERRAE G IE B 280 Pl 22 Il R, 9T 2 P02
DCNN #E IR FHUINRZERT, Sz fiigg
2 REEERY”  (Dobsetal., 2023 ) 5 LI,
YR T B 52509 DCNN 2R B 28] &
BN (Yovel et al., 2023 ) o XEERBLFEH, {F'HE
RO AR ALAE , e RS 55 LA fs iz
er=9y. SR, EoRT s A DCNN &% 30 74
g, BIEE T R , F8 RSl
INTALEIIEAE— 8 T4 28R R BIE 55 138
B, T AT B — R R S S RN TR S
( Kanwisher et al., 2023 ) . V& 456 Tz [n) @i
WA, TR B R e SRR R A 254
AR BYRTEE T AR 528 Canil 25858 S it B
Fr) o, S HrBER IR TTXS AN [ A e i, sl
B P A8 FRAEAS B R4 T AR DU b 8 7 =X ok T
LI TR T LS. 251, BT DCNN 7Ef AL
Fa . N =X e s AT 4k, SR A gt
BT A% B FRSEIG 55 25 1 LA, 253l g —
FENZE R PE LS55, DA ITTHE T 76 ) T
FLINTHLE . SR, BFFEE T B R s S 4T
IXEEHEET DCNN BYSZIX I 25 S, H5 A S fL
SEFEAIL ] AT 5C FMRIRAS I 58 2 W BA Y o

4 DCNN Z 7 BERIUA R B FLIR B B EZ
7

AESR, W E AU DCNN TEfit B A1
UM TATHRIEE S, WIFIRERVT AR
FAEANREZE CRVBRGE ) BLve hn THLH a7,
TEMIZZT, YR S b TR DCNN REAR -
PALGE R G2k, LA LR S RE 4k
Rt
4.1 ZEHJE9E

W55 K BE, DCNN NFESTTH 2905 KBk
KR Z RAETE R ER N E R, iR AR EIEA
KREKEHY, HUWE)Z S DCNN AL Rk
FRAEY 20 MR B R B 2t X Fh )2
REEFIANRIRAERHE R AR BT, Bkl
B TUEZ BT K, LRI A A (4n
LA AS AL ) I N BE 7 A 35 58 ( Cadieu et al., 2014;

Eickenberg et al., 2017; Gli¢li & Van Gerven, 2015;
Khaligh-Razavi & Kriegeskorte, 2014; Yamins et al.,
2014) . EAKIMT, DCNN (150 2 X5 B 9] b
K (VL) FEGRIRERE (i
XPHEE . . Jrmas) 5 MIZERY a2 x0T
B3 P A R ] X (A0 V2, V4, RS R 2
FIALSERRE (AR, ao ) o X FmfLm S, %
J2 B R MU AE B Ak SR IR 1] )
T RS J2 D) XT3 A o P A0 o DX 3 (i ek it X
LO) , FEHAGEAMMAALIERI G RIE,
W MAE Sy . P54 (Eickenberg et al., 2017; J. Wang
etal, 2022) . A1, DCNN it T L {5 B A RAE
FFAS— 2 2 Rl TR IR SR I T 858 ) . Grossman
N (2019 ) FIEX] 33 A A TP i EL T 5
(iEEG ) &3, F ALk i 2o it sl iy
“ANIZs[H]” 5 DCNN Ry ] Z3RAE—2, k%
EiRE (Grossmanetal., 2019 ) , X—Z5 R 7E%
RERFSE g & B (Jiahui et al, 2023 ) . 7E R K2K5)
Y5, Raman Al Hosoya (2020 ) 4% T DCNN
55 T f2 )2 (inferotemporal cortex, IT ) H14 4%
JZ P ERTEFLIX. ( middle face patch, ML ) FI%% &
JZHBIHTFEFLIX. (anterior face patch, AM ) . BF5%
&I, DCNN H 2] DIMER 2 3 AM X M2 T
XL B0 5 BB RIS RRE, RBUH B8 1
B {5y AN 75 P (identity-invariant tuning ) ; {H DCNN
TEARAL, ML XA 22 TR 2 GG RE (anJRsi L
IR G454 ) BTIE R TR IR xR
A BA DCNN BRI TE— & fR A FBlm AL &
TEX L (an AM) Bypfzm iy, (EME L3 vh 2 ik
X ML) X AL W AR A B i T AL ( Raman
& Hosoya, 2020 ) . iXE6HF5Y R BIAT DCNN Hi R
HREVE T FLRAE MR, (B HARR e B Ak
YILE 2 40 rh 2 )2 9 LN T3 B TR AR R B
{ieo
4.2 ekl
LR R A L TR AR e, A6
KM B BAR B LI (FFA ) # A A& LRl
ARESEPERRG DX, I HARA 038 Db Rl R A AE R
W AFLIEREIER 0T, XS YRR A 5% 3 [F] SO
T AL TR EhRE R T 1R . DCNN H2 R A77E
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XFEFLAYR: PRI TWE? Fak i 5E &3 DCNN fE
IR ARG A T FLAEBEPE #2550 (Lu & Wang,
2025; Prince etal., 2024 ) . WAk, BFFEE W24
DCNN #R5% T FL AR IS T ik v 3 0405 2201
RYL, RETELTTRMEM TR, Ay H g
KIGDRER) L 1140 R HIE sEpL B2 BEgr iy . 1]
m, BFEEFEEEGT T DONN R T ARG S P ik
SRS, RES A RRMERT Ar &4k
DIReSite . AR, SN 2R T fL s AR
) RS AEESAT 55 P U R B 2, X RITTHAL 59
PRI B 4 S A RAEHL . TR XUE: 55 )
g, RUERBURBEIBAE AR &, e A
PRIR S AR AT S 4 1, HAIERL T TiResr b, 25
TG AR TALE (Dobs et al., 2022) .
W5 R IRAE 58 A AR 2GR 4R b ) X 25
SHRIL X T FLA R T, B 2 I 25
[ AlexNet Heie JZ BICATIOR al DL AR S B
SRR . XS BT SRR S R Y
N e 2 oAHVL RS, IF B aT DU T3 i L
KA 55 (Baek et al., 2021) . B OCHERY &, X8t
B fre B D RE L 1 AR AR, HR AR5 N
ki FE, T 57 L R e L A L S UL 3] ) A4 2 e )3
= i — 2 ( Grossman et al., 2019; Raman & Hosoya,
2020; J. Wang et al., 2022 ) . SHiE—, HM5EEE
17 DONN 5 0G 2 Z AU G R, i
Iy TR LR S A DX LR b e i
T HAE SR AT T PR S PRl DX ) T AL IR (A
Luo et al., 2023; A. F. Luo et al., 2023; Ratan Murty et
al,, 2021) . ZRNMI, S&T “HSLEPEIEMZITT” 2R
FLOE S T LR R S AL, I T
BRI . BFSE I o b RAC A B 2
e CTFLANAR” BYRhZema R, $ I Se A A )
PEPEPEIFARIR T X AL 1 i . BFSE e s ik
AR LGB REA RS X 2L “EfLAnAR” , IR
FHR Y B A (%) 7 A s o R BT 3 6 2 e ) I T
fLE R, MNMmBkaR 7 LA AL SRR
Mg AL AL G ( Vinken et al,, 2023) o X
ST EREETRATT, Prigny “ThRe L 14k nlResssrIa
THAHRAE EA LS, AR50 By e il
Gifth X 45 PR LN T B R AR A

PRARAL TR R, R R BTTEE 7R ] DCNN fif
FERZEINRE L 1 A o SR O P e PR 5
FIVE” BINER
4.3 /NEiSTHE

25 FRTR, 1925 T DCNN HA SR bE 5&
G Z AR LA B DCNN N RIS 0 5 etk
KR Z BT A DCNN VRS LN AT
R TH. | AR A W w2 b 64
B TBro DCNN i HZ S0 R B 4 L3 15 B
B SR G Rr I, IFAERLE AT 1 A B 20
IR AL PR 2T, BE— 2D EIE T
HEAEREALL RN ATT A v FLIR B 57 180 A R A
W. SR, 47T DCNN 5 AL R —E i
FERPAMULYE, PIE Z B (EiE 2 AR B2 5,
an, DCNN /38R 55 NI 5 2 GEAe A= M A5 A A7 AR
AAE L Sz AR A et . HlgRor
G AN ) I AMF 4. Hik, BEHE
M RE S — D A Je, AR T T AL
DCNN JEfiff R B AR B9 sd iy, AT AT
FEF RE S 5 b B R B g A AL IR
Bl R A AP ZEAIL o

5 A5 RE

AR, NTARBEMIVE AR, JTHZEIRE
ML P, RS L S SR AR TR
AAMFYL, —J M, DCNN AJ/ER T H, )
NZEHALIRANAT R, 5 Bl o O BRI 1Y 2= 11E
Bl J5—J7mm, AR E I SEEE R a] B n) iz
FH T8 7R TR S U 22 ) 28 PN R R AEAL R, AT
BRI H “IRAH” AT, SR, DCNNs fEH—
TS b BRAN IO T B, 1 AR BEAS 58 2 iR A
SN L . REDEAE I e 5 B
B, DCNN 758K Tk 56 36 P03 A 1Y) R T
PR 2, R, DCNN 5% 3% B8 A AL fi
BN I TAILH AR, i 2= —Fp it
T HE, R EESTEAEE ( Wichmann & Geirhos,
2023) o DIR, ASCEMNAREH &, #—5R
TR SR B

46, HPK DCNNs 7EmfL 0 R
HENIXTFARMAE. St ESRREEAE T
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G EEAI A, Flhn, BF5E &I DCNN X
PSR B, MERARAE IR TR
R R, T AEREFEAN W] 3D LA T AR IR B R
(Dong et al., 2022 ) . It4), Geirhos % A (2018)
RGMIIE T =24 (ResNet-152, VGG-19
F1 GoogLeNet ) TETRINT 12 UG FLA T 9.
SR IUTAT DONN TEARIERIE b Tk S 28 i
NRPERE, (HICAETDO AR DL i i G R EL I R TR
TR, BT BEATLUA I K- o BV i o B i )11 25,
DCNN A RGT R 2 A B2 A ( Geirhos et
al., 2018 ), [AJiR} , DCNN ) 32 #IXNH B adversarial
attacks ) , RIVIE AN Sk n] B S 2 U A
R, VBRI A R SE ( Madry
etal,2017) o MAh, AZEREBSLEMIEALL 22—k
TR O 27 2T FE R AL, R S e B 2
2JR% (Lakeetal, 2015) o MHILZ T, YIgh—AHE
RO AR R 51 DCNN BRI 75 2 T 75K
FIEAEAS, TEH] DCNN 7EA47 BREEAS 7 ] B8 ) J7 THIA]S
WA XEEHFFEAIRILE R, DCNN B &
FNZ AT 3555 T NS R 5

HYK, 34 DONN 7ERHU AR m AL AT Rl
PRSI T BS TRE R, (B H R IR
TE—E M JRRYE. B, %8 DCNN R FA—
FERAT NN, (H A X SE R 5 1) R A A 22
PRI RERUAFRE . AN BOBIFSE Fp AT DCNN 52
RUMTREAFE AR 25, adh: (1) AlE4s
1% DCNN A8, 41 AlexNet, VGG L% ResNet %,
BATATREG A TR AR Z 8. %4270 (Dobs
et al,, 2019; Song et al., 2021 ) ; (2) A%
P SR H b, [RIRE R 548 A] B8 2L T 2% 1K 73
Je . AL B 53 26 AL LI 46 43 AT 55 A T
24 (Dobs et al., 2022; Dobs et al., 2023; Gupta & Dobs,
2025) , HEMERERIINZRAT 55680 B I ZRfedn]
REANIH], 3 AR P A A X 2 2 AT 55 R
PE52m 9w 2 (M. Wang & Deng, 2020; Zhang et al.,
2016) ;5 (3) AEMIIZIT N, WiFAWE. A
W gral 2 o B I 25 ( Konkle & Alvarez, 2022;
Zhuang et al., 2021 ) . X622 FH ] FE M DCNN
X FLAF S B bt LA LR R A T 2R
PRI, 7R DONN 47 HAL I BLHIR T iz

3 Ty S T AR A T M A T A A S, AR AR
BARVZEAE | INEEE A BRI R 5, O —
3 T AR A T AT 380 R A L F) 288 LU AHERT |
Bt EL T DCNN A58 A] BEAEAE B Jmy PRV

AN, DONNAEN FRRY ARl i
RAESE BRI A Y0 RGE P CBESh L. H
il A DCNN 22 % HI R it 4 1, i 25 S R4
", 2% 8 ) R Y 1 B2 ) I R AR 1 A 2 Y B )2 1]
SEEALH], BIANEE R ShA W . SR L
S i O LA DI S R A,
RACERIG A IE F Ge b ) 2 AR 1) 2 15 3%
$% (Kravitz et al., 2013 ) , WX LLiEZGH 2 A
DCNN H Bl = i) SCBERrIE . ©APTER, B
FEH ORI 5t 22 ) 245 5 3o 1 o 22 IO 28 A SN 2
Wt BRGERAMEWE A H RIS (AR Bk
FUARIIARSE ) ORI S o S5 SR 0, el A
IS e s, 3 U R0 2% B 25 00 T IR S 80 i st
f5 % ( Kietzmann et al., 2019 ) . M, TR
AL LR ) B SV S IR RE, ARSI A
TEHAR A BEALH A A RRAE, I AnAE PRk 22 2%
(Gu et al,, 2017; Li, Zheng et al., 2018 ) . F: 23
MR A2 %% ( Blauch et al., 2022; Margalit et
al., 2024) . MAh, HETHRZEDIE D THER
BT BN S S RAE, 28 T EmMAS . BN
AL T3 (Jiahui et al., 2023; O'Toole
etal, 2002) o LI R H A0 U A B 22 R 45 45
14 (two-stream CNN ) LKA A 0] I ot 25 9 2 Sy i
USSR HE THTRIAISETT 1], ARSRBIFSE AT LATR] I DG
23 [ SN )5 Bk AT S A AL U] (Li et al,
2018; Simonyan & Zisserman, 2014a ) .

PR, BUA 2 W 285 3 B R A T i L Ao
JZ B RAELE], H A LAY T A 1k Tk
HIBTEL, 3095 K 0 s R SO, fldn, 43k
B —fi 24 AR AL, LB U HA MR
fiE, ESBAHBH SOy PO Fhatfr, HZEH
REZHRRICI S TR S . iR e T
MR (H) VGG, L1 TRRRHMESR ) | 15X
LAY (P sentence generative pretrained transformer,
SGPT, Ab¥EA F Wikipedia 1930 FHliik ) FIRLHE -
i Xl A A A (B contrastive image-language pre-



822 i I

B F

training, CLIP, fEMG 515 LRI AR 2B
RURZRIL, K BRNZEAE AT 55 AR R AE
TM7E ﬂf&&%tﬁﬂluaﬁaﬁe%%xmu, CLIP #5715
BARES M'ﬁlﬁ)ﬁfnu, R N T AL
(Shoham etal, 2024 ) o X4 AR AL B AY
MR ERIE—SAIES | I0IC S5 R SR B
M%u%i%%, DA 4 T HAREL N 2 B 1 FL ) R AE B
(Lu & Wang, 2025 ) .

o), B DCNN RIAE, SHEHLALSE b ) A it
%t T B 4% ( Generative Adversarial Network, GAN )
WZE TR E R RTE, EAEA—FETIRE %2
R A R SRAR R ] A B LS A A LAY
Lo BRI . AT A A EUEACh T FLA
BRI ERAE T o R RS AR, e A
5 DCNN JE I T HAMEFR . DONN KA A ZAE
T FL AT B B R RRAE SR G B, 17 GAN U442 T
— T R AR, BERS EOUHL “PTRE4E” DCNN
PRI RAF N2, BRI, #F58 & T Lok CNN
PRI A ) LA (9] GAN Al A R , TR 2 .0
PRAEREAL” , R REET By . RIEEEE
PER RIS T, I,  GAN A= i i FLAE it
FWPEAG h, HEEE H B AL AR
al., 2021 ) . Shoura %¢ A (2025 ) F|H StyleGAN2 #
BT AR R RAEALE], & B GAN Az B LAY
T ALE 23 W) 25 A6 W] AT RS X [ I 5 S R T L )
JB 22 5% (Shoura et al., 2025 ) . A W, GAN AL
SE A e BRI P BOR F-BE, GAN 5 DCNN 4
Aty T LR ARSI B

S 3k
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Abstract  Face recognition is a fundamental cognitive function that plays a crucial role in human social interaction, as the human brain exhibits a
remarkable sensitivity to facial stimuli. For decades, psychologists, cognitive neuroscientists, and computer vision researchers have been dedicated
to uncovering the behavioral and neural mechanisms underlying face processing. Existing studies have demonstrated that humans process facial
information differently from other objects, supporting the existence of highly specialized mechanisms for face perception. In particular, the fusiform
face area (FFA) in the human brain has been identified as a specialized region for face recognition, and numerous face-selective neurons have
been observed in the temporal lobe of macaques. In recent years, Deep Convolutional Neural Networks (DCNNs) have demonstrated remarkable
performance in modeling and understanding face processing, providing new computational perspectives for exploring the neural mechanisms
underlying face recognition. DCNNs are a class of artificial neural networks that have achieved impressive performance in visual recognition tasks,
including face recognition. These models typically begin by applying a series of convolutional and pooling operations to extract increasingly abstract
features, which are then passed through one or more fully connected layers to perform classification tasks. Consequently, there has been a growing
interest in investigating the applications of DCNNSs in face recognition.

First, this review examines the performance of DCNNSs in identifying key facial attributes. Although most DCNNSs are trained only for face
identity tasks, they can still infer social information such as gender and expression. In addition, this review also discusses the similarities and
differences between DCNNs and humans in well-known face processing phenomena, such as the inversion, own-race, and familiarity effects. Evidence
suggests that DCNNs can produce face-specific cognitive effects similar to those observed in humans. To better understand the computational validity
of DCNN, this review compares their internal representations with the neural mechanisms involved in human face recognition. On the one hand, this
paper analyzes the hierarchical processing architecture that emerges in trained DCNNs and evaluates its correspondence with the hierarchical structure
of the human visual system, spanning from early visual areas (e.g., V1-V4) to higher-level face-selective regions such as the FFA. On the other hand,
this review further discusses evidence for brain-like functional specialization within DCNNs, examining whether units selective to different facial
attributes can be mapped onto the functionally specialized cortical areas observed in neuroimaging and electrophysiological studies.

Lastly, this paper highlights several limitations of current models and outlines promising directions for future research. First, although DCNNs
excel at face recognition, they remain far less robust than humans when faced with challenges such as viewpoint shifts, image distortions, adversarial
perturbations, and limited training data. Second, although DCNNs exhibit behavioral effects like those observed in humans, there are multiple possible
explanations for the underlying mechanisms responsible for these phenomena. The DCNN models examined in different studies often vary in terms of
architecture, task objectives, and training datasets, which may affect the comparability of their results. Third, the extent to which current models can
capture essential features of the biological visual system remains unclear. Specifically, many DCNNs operate as feedforward architectures and lack
critical elements such as recurrent processing, top-down feedback, and dynamic attentional modulation, all of which are fundamental characteristics of
the human visual system. Fourth, current neural network models primarily focus on the perceptual stage underlying face recognition. Future research
should aim to incorporate semantic-level processing to more fully capture the complexity of human face perception. Fifth, generative Adversarial
Networks (GANs) have recently attracted significant attention, which are powerful tools for generating diverse facial stimuli, enabling more controlled
and flexible investigations of face perception. Integrating GANs with DCNNs has also enhanced our understanding of the mechanisms underlying
facial representation, making it a promising direction for future research..
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