E-mail: jig@aircas.ac.cn Ep@%éﬂ%?]ﬁ

Website: www.cjig.cn JOURNAL OF IMAGE AND GRAPHICS

Tel: 010-58887035 COHEERERZRRINEFE

EESES TP3 XHARIREE: A XEHS: 1006-8961(2023)02-0335-23

W XBI A : Zheng Y J, Yu Z F and Huang T J. 2023. A literature review for neural networks-based encoding models of biological visual system. Jour-
nal of Image and Graphics,28(02) :0335-0357 (A HER , 446 6, AR AE. 2023, A= Y058 52 8 1) Bl 28 00 4% S iy RS A0 3. o [ PRI 2 IR B 24 4R
28(02) :0335-0357) [ DOI; 10. 11834/jig. 220461 ]

A W B 2R S RO 22 ) 4% 4 D AR B 4R ik

MEE ,RET HBRE

L AU RSB S I BR B X TS L, dbaT 100871 2. dbat R N TR BEFsEbe, b5t 100871

B OE: EYISERENITR - ERTTANE AN EE R R . AV 2RSS AR YT
BARRFREE (XS R R, 46 SRR DI R AR & 20 T B2k ) WL I B R 1) 5 i . LG A 8Bk 1) 1
BN AL 5 1 2 B SR 2 J2 43 2 2 AL BRI 54, TN A 2 I 25 8 11 1 RJBOR IR IE SR 3 R 4 Hp
M3 BEE T, IRE A RS ETH AL FIBL AR 2 21 S5 SUER & 38 = b, 7 2 M R 2l Y 2 E
T Af P TR o 22 ) 28 o7 FHAE AR 08 R GE TS v, TR BE A 2 M 2% 2 )2 I S5 R BEHn B 152 22 1 S 1l 1% 48 1|
Yk e G 4 R HOREL TRt TR A 22 000 245 78 2% 7 W9 5 A 228 0 i 7 (7 B33 G 8 0 BUAS: B A
BER AT IR AL [ , 26 PRI FRLICEE 2824 5J AR W LE R G0 T HAIC I FRIE o AR SORE DAL 190 J185 25 40) AL o Bz J2 A
BRI Z (N, IE R )25 4 [X (visual area 4,V4) FI T i 7 )Z (inferior temporal , IT) ) 43514124 5 T 1 25 ) 4%
MIALSE RS RO . FENAARE 1) A XN RGBS 5 8 3;52) WAL E R GE R 28 0 28 T s Al
3) 55 3R BN 14 e GO0 B2 2 AR A, 5 AR SCR KA 28 oA DR T0 M B 2 S I M e S DS Y R BB JE T 22
o 2 (R0 2 0 A B A 8 1) B AR PR 5 T BB A R R 7 1]

SRR AW SE R G 5 T R AE LT TR BE Bl 2 2% 5 W50 B2 S S AR 8 5 TG M= o

A literature review for neural networks-based encoding
models of biological visual system

2%

Zheng Yajing', Yu Zhaofei'”, Huang Tiejun"
1. School of Computer Science, National Engineering Center of Visual Technology, Peking University, Beijing 100871, China;
2. Institute for Artificial Intelligence, Peking University, Betjing 100871, China

Abstract; The biological visual system, an important part of the brain’ s nervous system, has evolved over hundreds of mil-
lions of years. About 70% of the information that humans obtain from the outside world comes from vision. Its complicated
systematic functions are relevant to visual pathways and visual cortex, as well as its mechanism. Human-perceptive and
energy-efficient vision ability is better than machine-based vision system like real-time sensor data processing, perception
tasks and motion control. To realize a more advanced machine vision paradigm, it is still challenged to learn from the
design of biological ingenious vision system effectively. The biological vision systems-contextual researches can be recognized
as one of the key aspects for computer vision algorithms. Conventional visual neuroscience to the computer vision domain is

focused on the structure of hierarchical processing in the visual cortex. The following artificial neural networks ( ANNs) are
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targeted on the hierarchical structure design in the visual system. Visual system is mainly composed of the eyes (retina) ,
the lateral geniculate nucleus and the visual cortex (including the primary visual cortex and the striatal cortex). The human
visual cortex and its relevance account for about 1/3 area of the cerebral cortex. It has the ability for visual information-
related (e. g , extraction, processing and integration) and advanced brain functions-organized (e. g , learning, memory,
decision-making, and emotion). For example, for the task of object recognition, the human brain can identify thousands of
objects effectively, but this challenging issue is required to be resolved for machine-relevant. In recent years, deep neural
networks (DNNs) have been projecting for computer vision and machine learning. To fit more multiple functions of net-
work, the DNN plus multi-layer structure is designed for the back-propagation training. The biological visual system can be
used to recognize as the mapping-learnt relationship between the external visual information and the internal neuron expres-
sion. In addition, the neural network itself is a biological visual system-derived multi-layer structure design. Nowadays, the
DNNs are the most accurate model for learning the mapping relationship between visual stimuli and neuron responses. The
internal units of the ANN can learn the expressions of the internal subunits of the visual system further. The DNNs-hierar-
chical can predict the visual representation of visual neural response as well (e. g. , V1, V2 and interior temporal of visual
cortex ). Furthermore, the latest unsupervised learning is employed to visual cortex. To outreach a new generation of gener-
al artificial intelligence ( AGI) , the research and development of ANNs and the exploration of brain function and its struc-
ture can be mutual-benefited. Our visual system-based review is focused on neural network-based coding models on the
basis of primary visual cortex like retina and advanced visual cortex (e.g , V4, IT area) . The main literatures are
involved in: 1) concept and definition of the visual system model, 2) the neural network prediction model of the primary
visual system, and 3) the goal-driven advanced visual cortex coding model. The latest unsupervised learning reseaches are
reviewed and summarized literatly. Technical challenges and future development directions of its neural network-encoding
model are predicted further.

Key words: biological visual system; hierarchical processing; deep neural networks; encoding models of visual cortex;
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Fig. 1 Parallel pathway of visual system; ventral stream and dorsal stream( Gilbert, 2013)
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Table 1 Receptive field of different neurons in early visual system
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Fig.2 The structure of VisNet and the corresponding
ventral visual pathway (Rolls and Milward, 2000)



$o8E/FE2H/2023F2H

BWS, REC, EHUE / EPRERRIRENERIGERZIA

BETRLDE B 2 v T ) % R U A2 1 Rolls
I Milward (2000) 42 Hi T —A> 5 0 AR 51 4E 55 19
WEA——VisNet, U1K 2 ZEMIFT7R, VisNet BAT 4 2
P2 YA ALY, 8 Ao (7 PR 1) 10 ) 3 2 2 it 4 )2
W ZTTZ I A SE 4P . 2T A 2 AR bk
AR P e A PR 2, B 24 50 Al 28 mT DA A5
MR 2 TR 2R T, BT T 22 1] 4 5 Al AN B 44 1 o
[ 2, SN R ) A A SR s
1.3.2 HMAX Al

HMAX A5 {8 28 J2 455 4D A0 5 1 J2 M0 e
FRERY 2R Riesenhuber F1 Poggio T 1999 4
B X $EH (Riesenhuber F1 Poggio, 1999 ) , iZ BRI Y
RHITCR & — 2 IR AR A &5 . (]
TR e KA (max pooling ) ML, X AHLH
AEWS A TFUN 2 LT DL Ak B AR A 8 o 1

K3 s T HMAX RS 4 1, R R
22 J2 T BA—02 A A M 1) 52 S 45 1), ASE4DL 6 0 3
F AP RE B )= 1 IO TR B B il 52 R R A 0t A
HMAX A 5 J5 — 2 09 A0 A8 78 18 40 i ( view-tuned
cell ) A FRIR 1 BEM AR Y RHE

@ 9 @ WA A
7y e () A AANC2)
@ @ HEALAANL(S2)
SN |
) () SAANICT)

-+ THERAHHE(ST)

— ZRIENAL
--- R

Bl 3 HMAX B 245 4 ( Riesenhuber Al Poggio, 1999)
Fig.3 The structure of HMAX model
(Riesenhuber and Poggio, 1999)

1.3.3  BRMER L%

ZMAREIF B G & (Hassabis 45,2017 ) , it
TP 2 FH A 28 X 4% ( convolutional neural network ,
CNN) HHJZ R G5 H 20 1, He b A 45 AR i d B Y
JE 2 —J2 AT LA FH A AR B A S R A I 5 42
WOk A i A EHE B9 A FAE B (Krizhevsky 45,2012
Simonyan F Zisserman,2015) , Kk, £ I %, %

T b IR B — € W TH S, X SE g gl 3K
(R T BT 5L 14 9 611 2 7% ( Zedler A1 Fer-
gus,2014) . il , —ASHAVRRE 5 1)1 242 10 et
UG P —SEAILZ AL 1T S AR 2 i 2ok
Kot HAT BR800 14 Rk A5 1, BT LA B T
FAFHYFFEXS T — W R ke vl B A i F e, A R T
Wl SR, BT HARIEIR 1952 4S8 1H 254 ( Simon-
celli 1 Olshausen ,2001) , &L 520 1 o] M4k ol i
BRWZ I N AFTERIME, PR, B AU 22 ) 4
A 28 o0 1Y L W ) Tl R ((Zeiler 4%
2011),

2 MR RGHIHE M TARE

PR5E A B L T 08 0 BRI BEAR K 4% (LGN) |
H HIR Z P el A vh | 3 0 b 235 44 BT & 4 1) VR
FIARRARBE ERARAl 17, HATH R ZE SR BLHR
P EURAE R A T A0 5 AR o 3 48 b 1 40
JE—LGN ZZ 4 ik B, B ATTIF A AL 25 4 B 5
TRk 22 T] B — A B v 24k 3ty | a0 ) B2 248 L v i L
Fs S B AE 1T LGN Hh 0 40 T A 3 25 45
il ( gain control) I ZIHE, 7T LAA R0 /0 HR 8 8 4 sk
BRES Sl I AEBE AL 8 7 B R 242 4K

15 Yy BRI T SR AN E FR xS ] H
N R R AR A 3 B X T A AR5, Ads A
SRIEIGRFN F AR, ANAFAEVE 22 [l (5] IS A 24
T RIE LB G IRk, TR IE 2 ) R iUl | 7E
X R YPUIHN 328 77 T USSR T A28 B9 K F
PG, A7 VF 20T 50 3 W1 060 5C T el (N Tk 22
0 24 XoF 9 8 A s DX 3o 1) 2 % 3k R AT AL (M-
heswaranathan 4§, 2018 ; Batty %5, 2017; Vance 5,
2018 ; Yan 5%,2020)

WIHAN G Z G0 HH A 2870 H B 2H 2R X I I
fAT 5, AT LAGE S B e I A T A% . 55—y,
BLAS A8 BB 53 35 17T 30 B 3 o 28 5 [l % 1) R
ATLAA CNN $2O0A I HE R RIE, T4k, —L
AR FE A5 E A CNN AR A T4
BAGE R G, 1AL ™ R ( McIntosh 45,2016 ; Batty
4 2017 ; Vance 45,2018 ; Maheswaranathan 55,2018 ;
Yan %§,2020) . V1 ( Vintch %%, 2015; Antolik 4§,
2016 ; Kindel %5, 2017 ; Cadena %§,2019; Klindt %5,
2017 ; Whiteway %%, 2018; Ukita 5%, 2018 ) A1 V2

3
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(Rowekamp F1 Sharpee ,2017) , X LEAfF 57 1) H b5 K
22 R0 T 3 T T 05 R 38 U o 28 I 2% | B2 5 R
P SO R QR U EZ2Y I R IR o Wi DS RV | S
PERBAUAR LY | X B35 7 v 52 e MR 3G 4 &y 1 XL
i Z2 8 10 L AE 77 ( McFarland %5 ,2013 ; Chichilni-
sky,2001 ; Liu 1 Gollisch,2015) , H. i —BEffF 57 6
G I 2R R0 26 Hh B 2 TSR BT B 4TS, AR FE
ARG 5 4 Y 2T 1 D) 58 Ko 4548 AH X B ( Ma-
heswaranathan 55,2018 ; Klindt 4§ ,2017) ,

LA SR BE B2 JZ ARS8 (W VI, LGN) 28 AH
EC, AT R 19 58 ) S 3510 45 40 T Ak B D 3 2 ( Gol-
lisch il Meister,2010) , WM& 4 f7R 40 9 5 7 5 £k
F—A~ 3 RIS 535 R eIz g SO 20 i A A
AN, AEIX 3 JE R4 1) S 4 A S0 A 2K P20
FRANTE R 5 A1 ML S5 45 4 o A0 190 Aol 221 40D ( reti-
nal ganglion cells, RGCs ) 1 2 1 19 JIE Fr) di 2 2= i
PRI, T AR K AR £ 6 A i B B 2 X
AT RGO R A e 2%
P XU 41 0 ( bipolar cells, BCs) BY% A, I 77 4= ik v
155, TRy I, L2 3 iy R I 2 — 4>
H1 2270 60 A ] 45 #4 R AR 1) 1t 28 T 2H B 1 A
A5 B 2 1 22 X 4% ( Gollisch F1 Meister,2010) , |-

TR 3 JR AR 0 28— AR ] TR

4 R AR A= BREERE ( Yan %5 ,2020)

Fig.4 Tllustration of the retinal structure( Yan et al. , 2020)

Yan %5 A (2020 ) UL T 3 J22 (45 AR 22 100 2 1
RSB L 19X B Aot 228 79 1) G i ok i, HCASE AR 45 g A
B 5(b) s AT B 4 A AE A (] 3R S AN (]
A B RIERS A ) S s T 3 B Ry G R
ZE 8RR 2 2] — DA E 5 A i 5 Y B A B 5T
TE— A YRG0 5 B 28 I 2%, ] LA
TEA TR e T30 A%  (BAEA [R) 4 M b ST i
RERA BRI 2, S — S 5 iR R T
SEHEA A I S B v R 45 A, Batty 55 N (2017)
i FGEA 1 28 TR 2% (recurrent neural network, RNN)
XPHZE TURFAR P B S SR 2 [ A T A, AR, 3
P v PR e R X 2 oo h aa o B Ak T

SRR A B 22 00 2% 4 ) I FH T A T BT

LN BRI HRUZ2 LR
— VAR i
0wk,
O o h
s Tl
ﬁm‘mm%%% zﬁga&%‘éﬂﬁ
(a) HEARRZTT A A) gRS Az (McIntosh £, 2016)
B2 HRZ B
@ RS R L Jokif A

(b) FEAMHIZ T A 4 AR (Yan %5, 2020)

Fl5 T3 2 CNN AL o 5 2 i A 7
Fig.5 Retinal encoding model based on 3-layer CNN( (a) encoding model of population ganglion cells

(MclIntosh et al. , 2016) ;(b) encoding model of single ganglion cell( Yan et al. , 2020) )
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225 AL BB A% F AR 37 A ) S it i R I AT
A BRI 22 I 45 14 G T S B 2 Bt BT 9 % RGC B
3 22 M S5 BESR b T, DRI M L A5 31 280 S
AR AR PEX N [ , Zheng %5 A (2021a) $2
T T2 2 BEAARAIL I REEAH 28715 20 B i b S B A
BRI 0 25 FRAE B #2229 2% ( convolutional recurrent
neural network, CRNN) , 6 # £/~ T CRNN A%

SRS

Ha), SEER AN RAB 7N 1 I 265 B2 A 2 42 45 ) S 5 T R
Pox 5 i B 14 S B PR 3R, e A S 00 A AR AL
HRAR 281 AT B2 A SR S5 B W B, I T L TR I
7] WA A M T A I R SR A2 B, Zheng FF N
(2021a) Firfe H A A RGP0 20 B0 (90 2% B 1 72540
SO AL 3 ] DU 5 /D 9 28007 ) R
JEE B ey ) S TR

o NN
PN\ PN SO SO
TG T BT e
R i
f— ;::‘:‘Eﬂj: .
P~
- Il -
=2 e
g B . —>111
e 4 ki3l
== ==} n.
(a) WA HEERYE /R it [
— WO — EIREE — JACREE
| "R R
R N ek e
- — === — —_— | — — —
kP : : ' ! l O @ P11
% . '
g@@® T T 1 e evi
' .L - l Y b3
NI Eay =l LBER TEREREZ iR
(b) CRNNFAIZE R
516 CRNN HIRIZLAE 5] ] ( Zheng 55 ,2021a)
Fig. 6 Illustration of the CRNN model architecture ( Zheng et al. , 2021a)
((a) schematic diagram of the retinal circuit; (b) structure of the CRNN model)
BEAh BIGE H AT VI M En 2 B E IR pgmigm  spUuikiiuz aikmz Wi

T B G RY TN ASE L AR HE TN B TR AR
BRI I, h T BUANIX — 25 H, Kindel 55 A
(2017 ) YNZRIRBEAS R 22 R 45 R T V1 e 220 %)
FI R BGORIB A MR L, AT 12 414 1 19 4 L 23
T VI AZICXS F AR GO S, I R 45 s
VI FRZITHY A S AT, AR B A L R
SRR Gabor /1N PR A2 1Y B 28 2 B B i
LUPRRAE 952 R I 32 B . Kindel 45 A (2017) #9
ZREERGINIEL T FR

TEA% 32 A0 FEALGE R, A A TR 2 R A 4 4200
TERREF 9 AN 7 B PRAT ALY . e Gei s &
GEFUN T3 A B X 0 i 22 TR B A6 AT IR
P, MAEARMZ R 2 v | B AR A 22 B AL

B S

K7 BT CNN A VI ARSI (Kindel 45,2017)
Fig.7 CNN encoding models of population V1 neurons

(Kindel et al. , 2017)

Jem (BRI AT 2 TR R PR - SRR Y S0
HOR BRI SR TN ZTT , (H SRS (R4 PR, R
SLREXT A 22 T I 25 ] 8 — /NI o3 R AT SR A
Klindt 55 A (2017 ) A A il FH A B 28 I 28 40045 o 22
B ) — > T EORR U T B~ RS2 B A
P AT IR T — i A e i 3 = i 5 B 22
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P £ 2844, AT LA ) Bsf S R4 H e 2 T sz BT 1Y) 25 ]
FRHELERE . Klindt 55 A (2017 ) $2 H 59 25 7T AR
U ™ J BT f 2 on R JE R AE %, O HL T A
HEAT R 25

o 1 3K ol L1 5 o 4% 0 Ao 2 %o i A ) )
o7 A SR SRS A LA AR 5 R AT 55 Y1 2 —
AL JZNLS e 6 I 2% B J2 I 284 FH VL A oo
PRS2, Cadena 55 A (2019) 3R 13X Wi fh

Ty PG A VI A TTR [ AR K vl i
HIREST . AT & BLLA AR AT 55 U1l 2R 19 VGG-19
(Visual Geometry Group ) ™ 4% ( Simonyan F Zisser-
man,2015) £ i85 2] I, S EAE IR 8l 77 v 1 R B
AL, I HARE FHET VI B 2 Mg AR vk
RIS (LNP A5 ) M T/ N I RAIE 28 ( gabor-
filter bank ,GFB #5%) , Cadena % A (2019) Frfili i ity
WL BERE SOOI VI IIEREZ AN 8 I

VGG-19
ale
|
— — IR
A7) st
HBReLU LIL
@ V1K 2
LR A BlpLgE S V1K 741
—| /||| — niwm
1
-5
: LT —lLl—l—LU—LN

B8 VGG-19 MEZTR T V1 497 ( Cadena % ,2019)
Fig.8 V1 cell coding model obtained by transfer learning of VGG-19 network ( Cadena et al. ,2019)

(RS B AR, o8 FH TIN5 0 R 1 23 i) o A 7 4
B2z S Bt ] A P 58 0 %) S 56 B ] agfe S B0 AH [R] 1 75
MIPEfRE, Cadena %5 A (2019) FYSZERZE KM L2
BRI A R K23 V1 ot [ AR E S
A28 SO B T 8 B AR IR, OF H AR ek ik
FRALA BLABERD | AN SR AT 55 A B B 1) I 45 27
FRAERAE T DA G B V1 A0 A, X — &
PSRAE T V1 BRI B 2 E AR LR A 0 B, IF
BOUE T S DI RE H bR (g AR ) w52 i LA A
W RMFEAE, 9 R T4 VI A LNP
GFB V1 a5 8 i) 74 J2 26 R 26 1 LA R AT
SRR FBL VGG W45 X V1 #0248 o0 5 AT i

P

B 1 53 5l 11 00 1) 55 R 40 AL o 2 I 14 ) %
Hb, Lindsey 55 A (2019) i 4 Hy 17— [A] if A5 480 40
PO FSE R L0 A5 30 % ) B B I 4% 1 I 5 A A T
& 10 Fir 7~ , 76 CIFAR-10 %4 4 ( Krizhevsky,
2009) FIZRAY TR BE 45 U 22 00 25 4 g LS8 R GERY
BEAL, I HAA g g sZ 1B 1) 22 S 7T B 2 B IR JIE T
B IR AN R IR R 1 A R Hrp ok
R P IR o] 2 A SR o Py X 225 v E o 28 e R
WD AR, G 10 BT, X TR B R i A 2
VVS(ventral visual system ) X £5% L % B4y A A0 o
RAER BN AL R BURFIEA I &% |, XS T 5 5
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g 0.4
02F
ok
0 020406081.0 0 020406081.0
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K19 AT 2 R XS BL52 VI M0 R Al fifBEPE ( Cadena 45,2019)
Fig.9 Interpretability of different encoding models for real V1 neurons ( Cadena et al. ,2019)
. [ADHE - B>
<. || A |
o 174 2 - E = H 1
. ES ' ' =
= =5 R |
+ Tlfs = = 7] g 0.7 [~
= J £ = ¥
R VSRR s "/
~ | e s
% = 0.6F +24‘mm5§i§i§
= & g "y O <o AL A
% s / # | ! . AR -8 LIRS
2 1 iR % by l % g 03 —— 16/ MUL I 5 i
- = : A G
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E 3 N7 0 1 2 3 4
e y \ / VVSIHZEIREE
VVSHIZERE >
P10 ASEALLAH P [52-5 HE 00 H J P 0K 5 P 28 4544 ( Lindsey 4 ,2019)
Fig. 10  Tllustration of the framework to model early visual representations ( Lindsey et al. , 2019)
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3 EZEIFNESRAERERGRE

B T LA A TR S r) b 28 0 465 G i AR AL, AIF S
N G SR PR B A 28 I 28 SR I 480 22 2 O A0 )
81 ( Kriegeskorte ,2015 ; Yamins £ Dicarlo,2016) . i
TR BE AR 2 I 28 ] TR 400 58 B o X 4237
I P4 YA A0 % 38 4% ( Yamins 45,2013 ,2014 ; Khaligh-
Razavi Fll Kriegeskorte, 2014; Yamins Fl Dicarlo,
2016) o Z5FRUET, Py AR U 55 3K Sl I 4 00 TR 2
PR T2 2% A T AT LOKS i 0 4
ZEITTRYMAN o SR, 3 Tl o0 28 452 11 (1) e 2 Him 13 AR 3R
T ZE T B ST X RS KR AE

Wy —

. Ve
AN

’\\w.ryz"f'PIT T, \
o fam )

{%%ﬁ 100 msfy
BRI

WOLTINEE S
HzE B —— O

MZTT

BACPER A Y2 BEAR G, W BEAAH G, ST 1T
B Z BRI T NI GE Z G800 B v 900, PR I AR wfe
B CNN BYIX LB L5 L 1F

AU 2R K AR B F, 202 4 BRI 4 I 2%
(‘hierarchical convolutional neural network, HCNNs)
JIT 5 o8 B AR 5 %k G R I RT3k BN 26 A 2 Y M g
(Zeiler Al Fergus,2014; LeCun %5,2015) , & 11
J&/RT Yamins Fl Dicarlo (2016 ) FH T AR I 41 5
T P A HCNN BERUZEAL TR BF 5T T AR R, 2k
TAESS AL 2 2B 2 M 46 HCNNs J2 R KK
IR I A0 S 5 0 R TR B AL A R ( Yamins 5§,
2014 ; Khaligh-Razavi I Kriegeskorte , 2014 ; Giiclii
van Gerven,2015)

— BB, i

kR 2R
o ml> A-> @—» 3)

%§E;Z|éﬁ1@t ik 19—k

B LIRS 5% 3 i HONN 445 ( Yamins H1 Dicarlo,2016)

Fig. 11

H T, 5 H A TSR 28 AR L, 7E ImageNet
B b A PRIRBIE 55 I 259 HCNNs A DL 4y
Hb TN R 5T 28 8 rhdf 28 5T 0 7 27 1R e 15 ( tempo-
rally-averaged response) , Yl Zx i 1Y M 2% IS J2
J2 FE 2 A A AR AR AR Y BT 53 ) RS A T A7) 2
( Khaligh-Razavi I Kriegeskorte, 2014 ; Cadena %5,
2019) (V1 X)) . FF 4% ( Yamins %5 ,2014) (V4 [X) FlI
S A 98 B2 )2 X 38 ( Khaligh-Razavi il Krieges-
korte,2014 ; Yamins 45,2014 ) ( & 3 it f& B, B 1T
X)) o Ik USRI I A ol FH 52 A A PRSI E 4T 40
B, LR e AT 55 (B AR A7

HCNN encoding model learned for object recognition task ( Yamins and Dicarlo, 2016)

g5, EATRENS A2 H i L8 5 B g i 4E 55 ) dc o 1
fiE ( state-of-the-art) , UIFEM 12 H HCNN BRI a] D)
TE AT S AR ) A TE 1) T30 4 e 1) [) B, A 6 ot
PG 2 A0 28 TT A

7E HCNNs BRIl Zhrh , e #2810 2 0 3% 55
FeA BLAT PR RO 4R LA B o a0 B A 3 Y
WAL S AR E | NFEFI S E L 1Y ImageNet £ 4
£ EIATI ARSI 55 BN ZOR 25 iy, SR
A B (Khaligh-Razavi F1 Kriegeskorte 2014 ; Hong 55 ,
2016) A fdf FH A5 1 B b S /b i odie A kAT H
B PURIAT 55 1 T B I 880 (JR1E A S e ) |,
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E 12 AT S5 IR HONN A5 RS A P00 =5 A 50 12 J2 B # Z8 J0 IR Y ( Yamins 1 Dicarlo,2016)

Fig. 12 Goal-driven optimization yields neutrally predictive models of ventral visual cortex ( Yamins and Dicarlo, 2016)

VERT A FHUIN At 25 0 T PR A o 7, I G v AL B
JZ o XWX RACSE S YR, 5 b R
AT HA A8 BRI 5E FR
GrAlRH B, HCNNs #5258 1 5 2B 1 R 1 /2 28
HIFZ G2 th AT i B R THE X 5 Kk
(A5 EAL B s 2 B2 Bl A 6 5 B IR €, I
DA 2B HCNNs T80 5 i Lt o 22 R 50
IXBEF XS G FR o

F SR HCNNs GBS 76 000 AL K2 J2= 118 ~F- 2 e 1oz |
WA i, (5 R K S8 3l W i 400 22 6 1) e )
ik rhBR 7 B HCNNs H Ay RT: 4% 0 B i
FREE X BESEH AL B B2 DX A B A 1Y SR
G BR324 LA R AN [+] X 358 ] ) G2 R 342 4 4970 20 DA A0
JEUR 1Y 85 R 9 DX 3 B 400 098 43 19 S 15t ( Gilbert,
2013) o RS K B9 L 58 2 G TP BR 45 4 1Y)
Uitew RSB FE 098 . A WH5E (Spoerer 45,2017 ;
Michaelis %5, 2018 ; Linsley %, 2018 ) i\ N 1H B 454
A AN A g At AT S AT Y ) A
#8453 ; A WF 5T ( Gilbert, 2013 ; Lindsay , 2015 ; McIntosh
45 2018 ;Li 25,2018 ; Kar 25,2019 ) TA NI 45 44 1
i B R R RRE R AR fe AL T R AE, LUE
X5 AR PR 3R SRR AT 55 B MR RE R AT e A A
5% ( Rao #1 Ballard, 1999 ; Lotter 55,2017 ; Issa 4,
2018 ) TR A PR L4 AL o1/ G T30 2% >k (4 AR 5
(anH 2 ) 5 1 A WF 5T ( Liao 1 Poggio, 2016 ;
Zamir 55 2017 ; Leroux 45,2018 ) N APEAY JE T 1Y
TR X ARG FETT B 4 M 46 55 138 i 24K

I RO R AT I 22T (AT 22 2] 280 IR 2
HIT5 P45

A 1 B 28 A FURCHE JC 1k HERR X 26 m] BB, 1T
THARRORY ] BEA7 B TRk SR A T PRAL . RSN
51 ( Spoerer 25,2017 ; Lotter 45,2017 ) K- 3 i 1 H& ¥4
SRR IR CNN T DR o T A A 45 72 T A
FIOIN A e (94T 45, {HL 3 2 A5 AU B TG 125 32 Ak 3 i 15
CNN $UA7 A9 8¢ R MEAE 55 (AniR 5] TmageNet %54k 4
PR ER) , W ICEARAE ImageNet AL H) HCNN
— XS o 2 i 7 AR A RS 7E ImageNet HiEA T HAR
PUIE C A AT LA™ A 508 2 28 T
AR HONN BUERE S5 (Khaligh-Razavi Fil
Kriegeskorte, 2014; Yamins 5%, 2014; Cadena %,
2019), HEHSE E B T2 FPERE 28 P, ImageNet
AL EVEZ T LIRS bR A 8 (40 )™ E 4 |
WA HARAE ) AR ER 45 4 1 RTR 8 it
Ab, —BEEXT ImageNet FEA R T 7% (40 ResNet £i
#(He 55,2016 ) J27EZ N2 I 8 52 A [R) ) 4R A A5
2, XU EA TR B8 5 B 0976 B 19 25 14 J& IF 3z AL
(Liao Al Poggio, 2016 ), Meclntosh 5% A (2018 ) #f
HCNN % i PES RNN % A K i ke 5 A543 5 4
MBEAESS . 07 Nayebi 25 A (2018 ) WA il FH A% 5¢
N T2 W 2 (G PR 2548 (4N, AR RNN K
HHIE1Z M 2 (long short-term memory , LSTM) ( Elman,
1990 ; Hochreiter £l Schmidhuber,1997) ) J:- /A GEHE =
AR ImageNet R TERE, A Al A B
TEGRRIRIT Bl A TR S5, 32t T #A Conv-
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RNN ( convolutional recurrent neural networks ) f*) & #
2k, AR A 13 TR, ConvRNN A EE5| A
T BEA A 5% % (bypass ) , WAL B T 281 F LSTM 1)
KENACIZIIRER T 2 BT, X AR T H AR
AT 55 NI 2 0 A 280 8 8 300 vy 25400 1 2 IX Bl (V4 A
IT) [ RR 2 3l g 27 7, I AR 1k B AR & iy 12 50 o
S

113 ConvRNN #% (Nayebi 45,2018)
y s
Fig. 13 The structure of the ConvRNN model
(Nayebi et al. ,2018)

AR, Kar 28 A (2019) TA Sk N 4% 2 R 35 22 1) 4
HCNN [0 46 53 22 (R IR BR 45 1 19 CNIN 45 149 2y g
S, RN, Spoerer 28 A (2017 ) A A7 HCNNs %]
25 B PR S5 1 J5 AT 42 8 0 28 1 Sk i M SSGER E
R 7E 5 HCNNs [6] % 280 i 00 T W REIA B 4%
e I B AR ER 3

4 TREEBEEFEINNHMEHDEE

TR LAY R TN 55 A W H I 25 45, 7T LA
FRA% BT R i P 22 I A8 B 7 e 2 G i
A AHSRVF 2R R X R B AT 55 9K )
BAUR B A AR BT R B . RO R 5 ZE AL 3
FIRZ | T BAEZFIAT 55 AR HUS B4 1 1 fig A AR
A7, AR 1 Ak B AR 50 55 [ 5 AT 55 1 1Y)
“# . flhn R FRITTR #2285 8 FH I ImageNet B
#E 1 (Krizhevsky 25 ,2012) , &4 F A J7 kA bras 5
o AP R R R A A0 I 2 — > B L 2= 23R
S, HELS s —IRBIURAE EFEAS T ZIHFE— T
ZAVNEE, AR, TR AL E R
YA — T 55, R N 28 S AR 2 DA A R A
BARFEARRIE AR, WA, X T A R KK
Y X PR RS R 25 B 0 U G Xt AR AN AT
170 BIL, SR B A ml A7 M 04 b 28 4 A A5 4T
A IR DR A [

TR, VF 200 98 O i 25l LA JC B 22

(Hastie 55,2009 (1 77 2 I 25 08 B2 ot 25 IO 8% 4 i A
AL, T E AT TC W 258 E H A LT LRIE
1) Tl 2 ) - B TR R 7 8O 43 A 55058 B A B
o ) U0 A 4> H 3 S 5 4% ( variational autoencoder
VAE) ( Kingma I Welling, 2019);2) H W2~ >
(self-supervised learning) ( LeCun Fl Misra,2021) : &
A 2k DA P 5 3 3 T 0 Al 38 4 AT 552
B BRI R, Bl an X — A 0 2 0 R
A A HCAN A 5 1) 308 2 FOUI 113 ke 287 1) 8 5 B2
NI A 41 14 3 25 F0 R Sk A 3 ) X Fe 2 ]
(contrastive learning) : & H Wi B Il 2R AR Y i — Ff el
1] (Jaiswal 55,2020) , M AEACE; HFG X o0 HOR TE
30 2 1 B8], DRI A X B2 T DL I 2
MoCo ( momentum contrast) ( Chen %5 ,2020b) , Sim-
CLR ( Chen %% ,2020a) il CPC ( contrastive predictive
coding) ( Kharitonov 55,2021 ) %;4) 2 A2 >
( multimodal learning ) ( Ramachandram #1 Taylor,
2017) 5 75 18 32 AH B IO B8 I — > 28 e 23 ]
e AR FIREZS (FIANALSE | SCA TG 45T ) 1922 3
TaSE), HHTE W 288557 > W45 OPEN Al
TE 2021 4F#2 5 ) CLIP ( contrastive language-image
pre-training ) #2781 ( Radford 55 ,2021)

Zhuang N (2021) e T & B A JC W Bk A
WY I YNGR 45, ] AR A 5 10008 s 388 J ol
Zeon (BN 14 TRy VI V4 FiLIT) 2RI R IKIE
o SLIRLIRERN], Jo B 27 ) 1 o i R TEAR K
PRI E b 1 TR 0 4555 R A i 308 B 1) £ B e
Fe2Eih, JF B, & B0 A i i o W U 2R 0 2% 45
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Fig. 14  Unsupervised learning model of the ventral stream (Zhuang et al. , 2021)
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