‘ N R



@ LM ABIREEZRE: AZEKIRAIRRAE
BHE Al BT
ATBEANIRERENELRITT Q6" 0OBHE, MEWEIWE BERY, TEARRELR, —

HE, PRFEBHATERTXMWEHEFNINEEN, B8R MMENATERENRE »—HHE,
BMNEEERM, AERRBENATEREE ZFENEMFGIBERNHRAELL.

Opening the black box of intelligence
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Brain science
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What'’s going on when a word hits your retina?

500 ms

Dehaene, 2009
Dale et al., 2000

KR —TIEDXIEBRENRS, LLMAMAIMITGENRES, BHARREES., BAFIREFEEER
BIR? S8 =TFENHR, ZRE “EveryWhere”,
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TEREE 2009 FZHILARMABINTONER, 8—TER/BENER. XEAMEERPL. BR
HURMREUERIH S, SRR L/ FEMERE0E, REMIARERIFRE ZNI B,

How is knowledge stored in the brain?

Where?
vV Widely Distributed

(Binder et al., 2009; Humphrey & Forde, 2001;
Martin, 2007; Patterson et al., 2007; Mahon
& Caramazza, 2011; Lambon Ralph, Jefferies,
Patterson, & Rogers, 2017; Martin, 2016)

31 RENfEFAIRATEE R

R EMXRE T HAER? MRNRFATAFTERASRXNS 5? INIHENZESEROERIK
2, EME—1IFEERNERE, 4, ol AEERENINRAFEERNAENARARRE.

EEanor®) “4" XME, HNFMECHIMNE. . BFE. SARXR, FRNESNERNEREZBHNER
RWBERZP.

How is knowledge stored in the brain?

Where?
VvV Widely Distributed

What?
Vv Sensory/Motor Information

(Binder et al., 2009; Humphrey & Forde, 2001;
Martin, 2007; Patterson et al., 2007; Mahon
& Caramazza, 2011; Lambon Ralph, Jefferies,
Patterson, & Rogers, 2017; Martin, 2016)
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Heptbmna4-p9sMe, BIINMRAREIRZS, BABNANBEEAMRFERMALRE. TIREHSHY
M2, SEMRESEENRIMZERILE, BSENIMNER.
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People born blind...

* Do they have object color knowledge?
* The neural codes?

“Roses are red
violets are blue...”

Neuron & CePress |

Two Forms of Knowledge
Representations in the Human Brain

5 BANCEAEARHE ZBRERKR?

FTREALENBTPMREMZENE, EMNBREMF AR, MILAREREEZESIRZICH. &0
EMREBINFE, EARRKERLE, BRTARKBEMRREBEN MR, TRNEARRLENR
290, REEFESHAIREX TR, BAMIERETIEHE ZENERXAN,

BMERMT —RINTHLRN, bW, EREAMENAENAGEERE EREMEERAM. B2 4B, T
ERMNTAERNERE, S—/\EHEEAMNNRIEUFSBMURENEE, TOREREHAE, AUE
FREA. AINBIAREARMUNAMEZRENREDE, MERFENEREXIREZAZRIFEHEMG, 8
KAREZ 088,



Behavioral results: Do people born blind “know” object color? YES!

& “How similar is the color between two objects? ”

very
dissimilar
orange vs. tangerine

very
similar

0000 O0CU®e

watermelon vs. banana®@ O O O O O O

Sighted control

Wang et al., 2020 Neuron SC (n=14)

Congenitally blind
CB (n=13)

6: SRE ABERAMNIT AL

LEsh, XNFLEMHEEE, AL, BORAXLEmE, §EANERANKRMBERAMBLIE,

TEEZMAFENFIIT=ENMR 2N, TARERE
WIIFERTER A, PIAEMET 2R B R R M
A=A,

onf

NIEHIE, BRREAL, TINEE AHTERE 2 E
S, REMESHSESNOE, ABTXRIEAMNY

Behavioral results: Do people born blind “know” object color? YES!

Non-metric Multi-dimensional scaling (MDS) was carried out to visualize the object color space in each group:

oo * set a random configuration of points then calculate the distances between the points
Stress = \ W b. minimize the stress between scaled data and the distances by finding a new configuration of points
re c. compare the stress to criterion, if the stress is small enough then exit else return to step b
pineapple banana Banana'corn
or 2 k
o L e
scarrot *Peach caulifiowsr »carol caulifiowgr
lootah
cabbage speach  Cucumber
Jomato loofah " ® appls. o dettuce
fravbemys0ele g leile s APP watarision cappade
w&;n“y. waxgauird % enin whxgourd
' waternfelon  leek . sleck
- garlic ®
e . t
Seggplant " sgarlic
Sighted control Congenitally blind
Wang et al., 2020 Neuron SC (n=14)

CB (n=13)
71 AERE R FIT = B A0 2 ML
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BN LRRRZXMIPARAFEAN P RIBA SRR . BN EROBINERERIZEE, L)
HARMAOESS . LEAFRER, Tk, BEXERE, AELZEASEXRNER, MMRES RIS MIE
EIEERE )Y, AMAANXAEEER .

BT RS R E AN ARSI NS EEREE, KM £—, HMNOBLKINARIEPE—RAEM
XAREREARBEE, EREAHRE. ZRXE2 RNAEHRN®ET, ERANENRAZMTRA
e, mEThENEG. EANREX RN, FEAIIMELBEEN RN,

NFEAME, &R —THX, BEHEIELEN, METHENMRAZR I EeHK, E1NEHE. S8E
MERIMZE, THEEA, ERAEXTREEE—E—HFMA, B2 RERANBERBES S RMAI M
X, —THREXRABEEAR, UEBRAREXNRBEEHR, 5S—TRXEEEANEXREARE, HBUIE
EREIABHMIA, TERXMNERLNIRAZNTEE, BMNEEEXTMMREESHEXNYEEE
H—P XG0 “ Sensory Derived Knowledge Representation”, BIE X1 X1 dorsal ATL IY“ Language

Derived knowledge Representation”,

A new framework: Two forms of knowledge in human brain

v 4
dorsal ATL:
language derived
(Both blind & Sighted)

Wang et al., 2020 Neuron

8: ABFENRAIFAFHZZ

BARFEEMERNBNRIBRAS, EARTENXEREARNESER. ARAIUBEN-T, ZREAEA
RIE T A W ? BEAHLHETL, EMEEERZIN, HMEE. BXEE, EREFAIFIL
B A1IXR7E Nature Communication 2018 FARMITELI, WFEFARKE, MANPILIEEEL. WFE
AFiR, ME—TREE, RIANE—TEEHRELC, ERFETRERTHSHEBOME, MRANTE
AME, BREFA—H, ARERBERSXEHEMI.

BAVERI AM B IS T R SR A D) ARANR RN B, BIREE TE, AEEECHERORE
RURRNMXE DI, R TMEE L4197
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How is knowledge stored in the brain?

Where?
vV Widely Distributed

(Binder et al., 2009; Humphrey & Forde, 2001;
Martin, 2007; Patterson et al., 2007; Mahon
& Caramazza, 2011; Lambon Ralph, Jefferies,
Patterson, & Rogers, 2017; Martin, 2016)

9: RENfEFAIRIAUEE R

BATPIDULAERIRAER R AES . WELAR, ARFNVEIINERIRVERINES . X RAAIKES)
HItAZRE, MERERSAENE. BNEAEMX ZEAERBERIHNAE, WA—1HKRMILAEMRY
B, MEETRRARMXZ BERLR.

BIIMERZXTERENEN, SRMAEEREN=TERR—FNE, —TE2EENMX 2 BKRTIER,
— M EREENMX ZERAKEE, —TEANMX BRI RE . BAREUBI X LM XAIERE,
RUFEBNMXZESHTINIMNMY ., AeNBXEREE. SHNESHITNILRSERBEMSHNT.
EBMNRMXERTIEFNRSE, EXTENERHTASTIIRNERL.

A new framework: Two forms of knowledge in human brain

Network graph modularity analysis
* Measuring resting-state brain activity

+ network topological properties with graph theory

il W
q

Language Sensory

Control

Xu et al., 2016; 2017

100 FEMXAEH EE

BIER MRS AIRNRMEBRE EFMoHhEREFRNENLSFRNER, AUSERR, XM
AGAEKT EE2MER P RELENNEIRIR, Do T1E S/ SIRSANRNRIENRRIRSAIRNRI .
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BMNTENEERE, ZWTRENREBIGIZT4A. BHENEB—TRE, LR E—THRNEE.

=, BREFRFHMR: BRESERITERE?

BARERBEFRAIRALS, BUIEFHEAIRN? BREETRRESHKEBIE? HIERTEREAMERA
AREMMRRE XS FRRMINSG ., TRELEANEMNNRERE, ERREERMNEN. FHNMRE
BYEFMREESHE, SEMREERREFAANS X, DN/ TRAEZRENEFERER, EMAR.
mE. IR, 5%, TESMERRILREZMEEX.

“Visual” cortex computation architecture: object domains

[ Faces >objects [ Places > objecrs
[ Limbs > objects [Objects>scrambled  * Fovea

Grill-Spector & Weiner, 2017; Chao et al., 1999; Lewis et al., 2006; Epstein &
Kanwisher, 1998; Peelen & Downing, 2005; Kanwisher et al., 1997

11: ZEABEMN TR E

BB AR MR TFT XXM MmFEIN, BANLERAMAREANRSAREZEMEDL, EEMIIARE
BRENER. AR TAREBRE, EEARELR. DABRFAERNME, BEMSEIE. £5—1
X, ERAEENNIR, LEURZT RN T, 815, HEMEE. XA TRE, £XEANE
BAMEFARTE—HN. SAMKREERIHRNIE, REAMRNERMRERINEXES, X
ERIBHERA—#.

tEoh, EBAKBMRERBEE—TXE, MaEhRAMERHREE, LEMANEIL. MENEK, K
R, (BURIFEAMNEREAMTMIA IR, bHER, KMAETEREXFRNKE R REE S8
B, TRMFEERXRA.

N LZENMREEXEARREGESBENTN. BLEMNR? HIHN, XAIsES AR TAITEBE
Ko EMARBHIRBMAENNEIRAURZERD T IR, AGIRERN TRMER, EREIESTEZH, AKAM
BB TRERNNE, E—THENZREP, LURT, BNEINFENREEPAEATEFTERSS
BAWELEERARN, BIAZEHEMRN, BIXREBEREERN, BISBEESARL TR,

eQe



MRZFALEMRES, EXENZERNRBBEXRORN, MENERF.

ABMGIRFHE MR EIIRNZME, SEINERIANNNSHHERT 4. LA TERNEEZANNTER
5, BTENER, XEERRBLRNANELRIGENRN L,

Visual computation architecture: Constrained by response mapping
Bi, 2020; Bi, Wang, Caramazza, 2016 Trends Cog Sci)

[ RESPONSE SYSTEMS
Manipulation
Motor/
action ﬁw;‘:n
o8 OO0
[ \ F=F
11
| | [ PERCEPTUAL SYSTEMS | |
~\
Object-specific form ; \/7
. (knowledge) U
Perception 1
/sensory Mid-level complex y
form feature (domain) Elongation
Low-level visual ® @
features o vision
-~ J

120 ABIRAGERTEE

AR AFOBARYEENRAIRFENIER, RRNZBNONNXAMEIEREERBDNEE. AN, Bl
BJLAIERR, MFLR. EFEWE, EATEEANARARFAZREUN, XER MG ATEERREN
BHES XN ERIERERN. EASREEMAR, BRURAHENANERILENE. B2 TESTIE. 8
IR, ERFSFZIXES, ATEMERKELAEMARE, EEANBEAZRKILEESHBESR—#, MAER
AHIEAMNRRARSXMA—H.

BRREERRESMRBIBIIIRER, MUNBRRESAES, EEZERINEDRAZBNONNXR, AN,
AR R ENRARBA MR E 5 R R TIFRREF I RIFETREN,

-

Sensory-derived
- Computation of action mapping

Language-derived

131 ANRRAEIAF ST
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MU, ESRIFEAIFIRF Al (IR EE
5%95%}\5@”—?7/]%%@D%Uﬁﬁ?i%%‘ﬂ%*@@%ﬂiﬂo XM AREBHIE? FI8ES S MAIREIEN MBI, thul
ER sir AINEZFES A, EEATERRBARES. MIEESEFS.

Human Brain Al
Knowledge derived from language knowledge derived from language

Knowledge_-graph -Word2Vec - learnt from texts

e 1
e Q=52 T logp{o 1v)

tml —c< jSc, jul

exp(v, v, )
z“ cxp(\“ lh‘)

.v

v |

P Iw,) =

Similarity(a,b) =

14: ABA Al TEIEE SANREXR LA E

FRAFAME T — NSNS, BENZERAZENEXNNXR, BIENMTHDILR, HEBENIE,
—ERBAANKAS, —ERMHES A RS, AEEWEXURET. TELDEMRATABNEmERL
18 (EbaiZEpk. 2. 48) ARNEB—MERE— P ARNENIE. TEALEENIA Word2vec H i
TLE’\JE;FDEZIEUE’\]%%O

360 words
1500 ms 1500 msk
How can | help?
word 1
SignificantR *
word 360 2
Neural RDM Corpus-based distance

(word2vec & LSA)

15: ABNFD Al IHEIEM K N
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BATRMARELNMES FWEHFH Word2vec IR E—F EEHRNMEBREBHALR, LMEBEAMESHSM
TLERBIREIRE,

RMAZERTEAERFNEBRE, EATKOBENRRESHKRLEWAR. i, Es)EF, EFHIXNT
RN SRKBENXARERE. F—THEXILERE, TREAZTEREURELR, RETQTEMRRES MR
SEeMmR, AREBXEMEEXTRERLS. F_THEXILER, KEARAKMENRIR Word2vec 1K,
MEEXER Word2vec #AREX,

h. B4E

ENABTXTAREANABIIR, ZREANDEARFIIR, EFENITEXANIR, FREAMERE
HMRKRMER, —ERFETARENRRHEES, —EXRRTHERBEBREEZKNHBRIEER[TS RS,
RETEANAMEBNXAMERLFHE, ASTE—EEARARKLE, TIEHNEE—TER, BF—1,
REAHSEIMERS—RHE. FEI/MBRENESRBRIIRMRME, MUNHRRESEAGEX, ENEHE)
ERRR, AN AT RER R ICRAENR R A IENARIZAY “Common Sense Knowledge” RIEBEINEER
ER; MBERENFIRASTHEN R IRBIRA 2,

Two forms of knowledge representation

Language

- Computation of verbal relations - Computation of (multiple types) sensory-motor mapping

colorless o L %
green ideas - R R Re e R TR Ny

sleep &;.\ + ; :
furiously :

* Symbols refers to sensory

* Once symbolized, plus syntax (rules),
free from sensory, form new combinations,
new relations, new knowledge

¢ somethings you don't lgarn from
books (street smart)
“common sense knowledge”?

16: FMRAERMP IR EFHEIED
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@ L XBIRAA: AFEERHEMEHENE
BRE : A BT

6 A 22 B, ERBFREET TINNBELEMERILCIE, KELRPBEAZINNGRERFZEZIERBR/ZLN
ENEZBHE. ERAZPOVESINIRZZROAHHR. FEAZOEZRONEHE. ERKFAITEN
ANRBAR. PEMNZRENUARMORILEBRD AN TIRE, RERTINNHRERZEEN A THRATAR
&

FMAIREERILRARZLESINARZZRRKAHEE, BEN (AKEENENINE), HHERSHY
ETARIENMTERRN ERNENSIENG. TENEFFM, EEEEE (Saliency map) FT
BT LERER, EEM%EE (Priority map) MEST B EM THE T LAES, MRESHEXE, I21
MIFREREREE. TN, ISR,

UFEEHEX.
— ZE

BEMN—RIOEIBEINHERN—MERMENT. BRIRRFNAFMEXZE2UUTHKE, EMNZEE
—TIEBERNER, WRTINEEMITEEL.

1 BENNESFMERGNSE
AERNARZESRAN—1UE, SFFABT 1 FRXEMREIEIR, Corbetta #l Shulman #£ 2002

WRT XTIREHNAERE, SEEMFIRER. BEeEXGRTEMNMINME, niRELm TaERE
Hl, BEeKERTEMEFIING, RERRBIRAERIZH,
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Neuroanatomical model of
attentional control

(Corbetta and Shulman, 2002)

TPJ VFC
(PL/STG) {Fg/MFg)

Top-down control
Circuit

‘ ) Novelty
LVFC RVFC
Stimulus— breaker
response
Ps e
A
| R

selection
LTPJ > » LI
D
T Behavioural

valence
Visual areas

Stimulus-driven control

2: Neuroanatomical model of attentional control

FERTEMNINAESET R R ENMEZTER), Reynolds #l Heeger 1A 7 FA BT AT, SE—MERELREM.
WF—1MAREEESEZT, FEFUERRRSHETEST AR LLNRE, NTEERTR, &8 (EZ) M
FE (L) 2ENTHE—MEEXR, BEMENHME, EETNIEEMETIFERRBRE, iE#ZT
INEREAIEIFMEE, XETEN—EEARINENHARLEN,

@mgm

Attentional modulation in visual cortex

Multiplicative scaling Sharpening

Normalized Response
Normalized Response

=\ 7= =N 7=

3: Attentional modulation in visual cortex

e14 e



. FEhE

—HE RIS ENBRELMER T ZHEHR, XN HHERBIEZZYETAT, XTFHLERATEENT
Bo%, MISEEANE. EoNHMN, —MEFEEZERE (Saliency map), EBTmLAER. Hll—1IER
FRORALIMETNE R, MBIRSIRINES., BS—MIEEMHEE (Priority map), MEKMNESE LM
THEF B T LAEMEREEANE., MESHNESEMREIERMREL, K EEMIRS,
BLABWERAEZREAGMNITENERES L. XWmMEDE4E, 2FNAFFNERT,

*F Saliency map , BEFREENE TMLLATENE, TELADE—KESE, BIITEEENERH
159 Saliency map, #M=rEDRREERSH,

CONFERENCE
@tﬁ!ﬂﬁﬁ

| saliency map

3: Saliency map

ESEIRE? FAMRYE It 70 Koch 7£ 1998 FRHAVEE, HTESKERERRRELA®. SENUKREER
MEFMLLE, #TZTRENES, A Saliency map,

e15e



Itti and Koch’s saliency model (IEEE PAMI 1998) @mnxg

Inputimage —
-
|
Linear filtering

e T n —
—— colors " intensity _— _—orientations_—
_  — - —_—

([ Center-surround differences and normalization ]

-

[ — Feature —__——— maps _—

—_ -~

P

‘;-?7-12 maps) (6 maps)‘:'-’—"I (24 maps) =~

( Across-scale combinations and normalization ]

_Ig Conspicuity I — maps /l—,

=
[ Linear combinations )

_

Saliency map /:—f;‘:—

1 Inhibition
( Winnertake-all ] of return

Attended location
4: Itti and Koch'’s saliency model

BRZSEENEIRIT Saliency map AT AMA =4, TRNSICEFEENN . FIFIHTRX, FEEES
%, BEFANANEE V1 XeiA LAZE D Saliency map,

N AMUBIRZ X EH R ETEALLRS RO, FHEFTE? — P AENEREREME, NUBINEGRZIRE
BETELEMMNBETMENES. MRBANIEHAR Saliency map, HARRTAEENE T LIRS, BaET
BEME)? BAVBLEIRNAE, MKBEEEE LM THTMT, TMMARE TmLAEE.

ZHREEMT, “+F BZ5EINR, WD ES" 2 Saliency map B, EE2EWSIFMNNE

B, MEZTZRBAEASWEIRT. HNNE BS” WAE, ¥ “BS" M " ZEHRAED3IRA 0
E. 16 &, 30 M 90 E. MEEXRMBIEM, ERSIEENEENZTHILE.
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.-

Orientation contrast 15 deg

Orientation contrast 0 deg

EhR

¥

[ERHFENES, HUELKETF FTEM T REENMIE, AT%

B9 50ms, XEJRE 100ms 19

SRELFENEEX, HIRAFTRENRI, ESKREXMAE, HXHORAMERE, BOFENZEIM

(A= I N

B2

, &

2. BRZ2UMLZRE R (Cue) 50ms

LA 7S
N /1L

BIR? TEZHMNIAELS

A X R EZF T

=
Ex

(Mask) 100ms, AEEIFM S 50ms,

BR, IAEETENERIREARNTFE. BERNE

3

=

RIUNZHAFE

=EE.

»
J

BiFEKE

CONFERENCE

ald

]

a

Measure attentional attraction with the Posner cueing paradigm

Fixation 50ms

Probe 50ms

left or right ?

017



HANREFNBUEE V1 K aiEEWEEIERE., 5 TERNEE, BEARMMNEREM, RS
HibFigse, RITEREEFIFELT. H(1&I Saliency map IR V1 NBZTENERRRMN.

CONFERENCE
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\
12 -

'} \ o

< 10 as 43

£ | g

[ =

% 6- ‘ o

— ‘ i 6

g 4+ \ s

4 [0)]

< o

3 21 | 15
< 4. ﬁ

1 0
7.5° 15° 30° ob° 7.5° 15° 30° 90°

Orientation contrast

ML EEI TN, Saliency map RIZERZT A/ . REEMNE V1 Xig, sJUA=4AE TmLEATER, A
FENHREFTATNE, TREWETFEAZS., BEHNISEFIIFEESNEEE, FERLEERENEEZE,
I IERIRE E1E & HIESHE R X517

I Can this finding generalize to complex natural images?

Image with a high salient region Image with a low salient region

Chen et al., Experimental Brain Research, 2016
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BMNEETRMINFLR, RNSWHLAINFLEERWEIRES, RFRBNUAT, #EERE VI KR
™ TERKND, FIMENBRABERIZRILAT Saliency map IR V1 ZHEXH,

ETRXMERZKE, BMMET - THSEREE, ITMRENABERB=1T4A%. F—B2TERER
Rz, BHV1 RN BRIRHRRRE. E_BoRPRUEGZOWREREFELSE. ITERDR, UR
TEZTMe+FENR, RIBZIFDEMH, ERXSENRBHMIEEERE, E=MoRBPNR LA, *
=1 REREIZBHREE.

CONFERENCE

mEBIERE

1. Reference sensory response 2. Foveal image

— sparse coding filters simulating - multi-resolution pyramid method
receptive field of V1 neurons

PR L
MEYmEEEA
E=NEFLINES
L d LT L
WL Eid T4
ANNESNNAEN
Al 1 FI 4
HENIIRII®PPE

3. Visual working memory
- forgetting factor [0 1] attenuates
response at recently fixated
positions

B 9: tREUMEZRM 3 PMAHM
BAMERX=TAANEITEREE, MET —TETEICHER, XTHSNEEREE V1 HETimmE,

AiZMEEIER LRERESNXE, RAERIE_SERHESNXE, TETRTHENILARER
RIPREALNRKEHNT, PEEBAMEEMNIHT., LRERZPBAIEENLIRERAMEFEL.

e1Qe



Model evaluation with human eye movement data

— X 250
= et = 5 150
: 1 . -
"‘1‘1“ : =0 mittiet al
. ® Wanget al.
50
Itti and Koch’'s model # Our model
0
- 2 3 . s

Scanpath section length k

(a)

120
100

[ mitiet al.

&0 mWang et al.
40

=5 B Qur model

2 s

2 3 s
Scanpath section length k

H-Distance { Pixel)
g

Our model|

‘ -A : ‘; '.

MM-Distance {Pixel)
=

Human eye tracking data (b)

Hausdorff distance & mean minimal distance

100 EREKEHIEIERIRELTS

KT Priority map, [BIZIBFKERE, Saliency map 2FE LE, FFERIHELNNG, TRNBES=
¥rio. PEIXFMEKEHE—EE, NDNIZNES=M. Priority map B8 TETMLMNEEY, 5HHIES

LB

| Priority map

Bottom-up saliency

Input image

Priority map

-
Task relevance

11: Priority map

HMXABANEHTLR. EILEATRRERSS, CEBRIIMN, EIEFMREASRERERG. X
thAEEE2N0 Priority map FEEFL LMD,
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Identifying the neural correlate of priority map of natural stimuli

1. Complex spatial structure
of natural stimuli

2. Difficulty in characterizing
priority map behaviorally

Mation cobercnce thresholds
5§ 3 8 8 8B 8

3. Influence of image
configuration on priority
map

12: Priority map £ EFL LD

HBMNEWIRE IR, FIZRMBMITEANEL, ILHRRNRBEEA LBERS. 55 PAERRAREX

EFLBIRN, SEATRHFREIEN AR
CONFERENCE
@IHISIKE

Experimental paradigm

Eye tracking trial procedure

Stimuli
Upright

Inverted face

Baseline

1000ms

2000ms (Free viewing)

2000ms (Free viewing)

fMRI trial procedure

Mo et al., Journal of Neuroscience 2018

13: AR TN EHLERIAIE AR
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BNEMHER—TURENELS—THoNRNE, TEATHEEREEMNRN, EeMERENNER

NEENEANRNER, A EAZTHFRE RNE-REELNENTAMS . AEHERBE—RE
RO RER, BB XIEME 5 0R5 BRI,

CONFERENCE

@IRUHK%

Task-related eye movement  First saccadic target pattern

- .

Behavioral relevance

Behavioral characterization
of priority map

measurement

Stimulus- 4

specific Estimated Reconstructed topographlc

activities voxel-wise representation
pRF-based Voxel 1 wq
reconstruction of

5 Voxel 2 wy X
face representation
in visual areas
Voxel n [

14: fREVENR N

TEEXPMLHEEEMNER. BNNESALDERMNELISIRKNREE, BATHARE VI V2, V3 K
X IEROANEIRG S ML A9 5 71

ONFERENCE

EREEAS
pRF-based reconstruction of face representation in V1 and V2/3 @1

Spatial distribution of the Vi v2/3
first saccadic target

Max

Max
w
i) -~ ~
& - o
& ' b=
g . L g
o B o]
& — - &
= s
o2 =3
G c
- =
= —_—
g =1
-E o
g 2
=
{y]
K <
Min Min

160 IERAMIEIRLIRS | AREKAOSCED
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BAVRIL V2 V3 WERMNKRLZRFH, mzesTEM=MIBER. V1 X ERMNEIRERNRITNEEE
HEERUE, (B2 V2 71 V3 WIERRILAFER LN BIIRRIESRS.

ONFERENCE

C
@mnxe
Assessing behavioral relevance of face representations

High-priority region (top 7.5%)

V1 Upright face
======== V| Inverted face
V2/3 Upright face
=seswses V2/3 Inverted face

Precision

0 0.2 0.4 0.6 0.8 1
Recall

16: Assessing behavioral relevance of face representations

BE—TME, AXRRHMKRE, MVIEXEE V3 X, V133 Saliency map B1B T LANERERRIFAR
EfER, V2 V3 MY Priority map ENB EM A, ESEENEEEIRFHOREER.

=. FEEHIEDENH
HEXTERRBENALOURING, BI—BEETEE—TE, NENEEEIFEN. FLERN, EELEDN
RIXIEN? MIEREIERE, .

BT REBBHIEZIFN, HrBRDEEM AR, W TEMR, —MIEERDEREXERD
BAMIR, FANXIEENEEHR, XB—MPTHRENXR. BII—ELINN, EEEZXRMEZ
BNk, FA)HRERLIRREHEE SR, ERNOMAEINZH, THRMRELLRN, UREREE
EAMTE, TEELZAATIREN. IRF. BEIMNRERFTRE. HIOMAGRERBIER, ¥317
MIFREEERE M. TEMNRE, MAR—MESHTE.
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Mechanism of concurrent multi-target attention @tﬁgﬂ%

* Multi-spotlight theory * Rhythmic sampling theory
N A

—>
Time

Time

Attention effect
Attention effect

VanRullen, Carlson, & Cavanagh, 2007;
Awh & Pashler, 2000; Cave & Bichot, 1999

Kastner & Busch, 2015; VanRullen, 2016

17: Mechanism of concurrent multi—target attention

TERTHEEFAFNESER (100% EEAFE 0% = B. 75% R AHE 25% & B. 50% T= A
B 50% = B), TEREANFNMEZETEESE. ENMUNEFSMEER. S TSHMIE, ttmmh
TERIRNK, ERRT AR IR MM T RERETETE.
CONFERENCE
@tﬁ&!)‘(ﬂ

attentional distribution concatenated
attentional chunks

100% vs. 0%

@®® [EEEE -

75% vs. 25%

®® EEEe- [

50% vs. 50%

®o® [AIE/ALE--

time

B 18: FINERZ M, RENERTRE
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FEHNE TYRRENN FZENRE, NRERTES MEE, XEE2EAFNTER? X o) @itE
HEZ, LN T EA—PEE. EE—Ei A E¥EE, BRZMATEN TR, B RIXHE A
&M?ﬁmwT—AmﬁE%,EH—A%ﬁ,%%mmé%o XL ESHAMPAEFEEEZLTHAEEE
RNABEMR. AEEMNBREEES REEE ™ BENRN,

@mm

Orientation preference in Motion direction preference in
human V1 human visual cortex

Linear zone

Mechanisms of concurrent multi-feature attention?

Singularity

Saddle-point .

Qo o 2
Phase.

Yacoub, Harel & Ugurbil, 2008 Wang & Heeaer et al. 2014

Neurons encoding a non-spatial feature could be found throughout visual cortex and
are even more dispersed than those encoding a spatial location.

Attending to multiple features might require a distinctive neural mechanism that globally
coordinates activities among multiple dispersed neuronal populations that tuned to the
attended features

19: Mechanisms of concurrent multi—feature attention
STIERIA, MRBNEREEAMSE, W XA MHENRTERHERE NN, MEARRBAUN, TiERET

FEGER. BETEFNEE, TRETHIENES, BAE2HTHEE, MEETRANZE. EFENFIEZ
B3
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@ BFEXRFHBANE: WIANEHTE: IANFHEEEERE

BHE : Al RHRITS

6 B 22 B, IIRBERARET TINAHEZEMETIRIE, KEIERIMEAFZINIHERFSFIERER/LR
ENEZBHR. IRRFUESINNZRNAHEE. FEAFOVEZRANNEZSR. ERAFHENRNR
BEE ., DEMNFRENUCHRANRLERDAE T IRE, HKERRINNEZRZEER A FRTABE.
FoUIREERBFERFOEFZRZRNE, REN (MAMETE: INNHLEENE), &ikEP, NEHK
RESREUANMZNGE, BT AMBENEX, REEL—RINAMHERZNTEERMARIA,
B TREMAEMENARMTESEEUITH A R, B 7 ARS LR S rT 8RR,
MFREHEX.

SRBEHME EEZBSUAMINRE R EIS RN R TGRS, FERREHRENENTIEL,

—. TREX

FEAE, BMNBEFRBRIERRNEE, HMEERMAZINEFN CNN E, CNN HiFHENZE—T5,
B EREERNNEERORERLNEMRMEOTE, RBITHBRSE, EIEBAIRNELIHEIXE, m

BrhENIE Y — 125 Black Box) .

EREANER, HNEEEXBRICETH, EREAZELEND? AN AREXNIER Al AR Al R
RAEREEE?

DCNN: Behavior Goal-Directed

Convl Conv2 Convd Convd Convs FCé FC7 FC8

S ms0 =

1: DCNN: Behavior Goal-Directed
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FELEFRHE EEEEEMNSIE. XTRENTAHZEXANMREREH Paviov (EEEXR) TR, iR
ZNFHRE. ERENENENEINERELERMEHNE —REIRNR, XEERM AT UEZILREHSTT
NBZR, DEEMALIAN, XOUE-—TRE, BEE0WIER. ETHNAMEBRRLET 4, SRR
INNAER, HMEREME MANBRRIEZRENTRZ BERAEN.

DBF{THE X RR AR

ATEFFRNEROEER, ATEIFRI A BESTTh Z KA.

#

Ivan Pavlov

Y — TR

20 DRI ENROEAERRME

BTSN E MM E=+FR-EE A TEABEES OIEFNEEMN, MATREL. THEXE-T
ZREBAERE, BTAEXLRAY Watson (£4) il “GE—ITRENZIL, —THEIENEHKF
B, BEEZXTFREFREM, HAER, EREE—T, FEeMNX807F. Hin. BiF0d, mRE
B9ERML e Fppkanfa, FARFTLURBHRMBREEMITIEREMT—TAY—EE. B0, ZAK. KEA, &
EZEHRE."

RAEEENEEMEREMEMNEN “THMNBERSE”, WEROEZHREMRE“AZHRN=N" HE
“BRERIMRNTY” .

. Garcia 31

BRIBBIMNBIMENIT RN 2 BRX RS T18? ERNOARKFIXIZEAGE, Garcia (ML) BEMRMITFAR
FEERRER, MROIRIEE, BAME, theER#ETHr, ARMERT 2EERNITAH. Garcia KM T
—PIEETBRNISR, WTENERPE-—LERFRIEHRIGEK, BB ARIEK, Garcia RN TBRELRI,
APLEIBEEKNER N KSR EBRN, MALEKNERNE KSR SKIEMN.

BIBMBRZ BB ARA? FEEE, FHABKIBRIIRWKN, MERHRAZEIKRN, BMEREELEETH UK
BRI ERNIKBRATE—ET, ZEE AN "BCRIEEERRERN., MRELEXE, ZHME—
TERE 2R RIS MTR (K ZEREKE, 20N RNEGRS, B2 Garcia
H—T R, SMMECSIRNRZG, WAy, REFKIEZRZBRABKNZGRE, KRNEAEETRK
B4, BMRRER RELIFRMERNIRITEIIERSE, MAELERNN., RERSENIRILEZTRE, BT,
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Garcia FIEYER M Biological Preparedness) BUMLRRXI1T A E IR 7 Hbtk .

EMESEENZOERS : $—, TEMENFHIMENRMEIIRG ; £, BIBNEIBEBREEN
FEMFAAR. thil2iRRERENFESRLT RN RBERGAIRAK

INFEIEMEL ( Taste aversion )

AR
it’g}; |
= ~ Dy -~ )
KL‘ = Q/j?"k MR Taste aversion ]
\ g ) John Garcia
—ad
Al !5 ‘ 9 W uE4 It (Biological Preparedness)

N < o AT AR SIS
X h o AR ST RN A A 7 e

3: EVpEEM

IER2 Garcia RTLRESHNNFRMAREROAMELE 8" 4, WORKWMEE B 4, TRINARE
L. RERFREHIEAMAOBIEITIT, FMRRAL. ERAFHWSMEINR T AR HI 12 5
BPIANFIIES . BT AESGARN AR BRI, MAEKNME, ATMMURZHRN~Y, EBIEFRIRN
EEE, \FHESNABMNIZE. B#, REHENENARRIES BiEtoRTMRRS 1T HIES,
AR EHEERNRSNAR.

IAEIRIZE © IRFRRR ST AEMTEERR S A EBRITE

wa 2% AT
maEs B TIREE
JENE  WKRS)

AT
TR

BEFERSE

4: INHIREZE
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ZRINAOBZMMEBPETEER, BNFETRIAISERNRENEMZELM. ETIANBENETE
20-30 R LIE, BAITIREMASROT NS, BREMRIRTIRE, IMAENLSE. e, XEUREH)
SFHEHTOE DM, ETREPRARIRE, BNFRENMEMNBTNERBSHTIRN,. RE. REER
REHNNEXLEERZGERHIANSRARTE, XEHRBATF A UZIMIRIRFIE,

NIRRT T RIMBAN—E D, BARMNAHATBINIHERZNSFEHNTIE, KERA

THERZNINERRMAMRL, TRATIEEESENEEARR, REUBRRE. U A? X8, HIEX
TRBEMAATEENIANIHZENT, BIRIAIHEMNZRTARMR Al

A TEEERGA NIRRT

FAARIMERER RGN AR IIERMTHA, BN TS MY I
TIRERILS 4R FRALE -

?hféﬁ‘%"w @ 1711
- A Wr_ﬁgﬁ% WEHE | g

il

u - S
| ‘.
‘q

Al Analytics: a pathway to explainable Al

5. ALERERIAAIFRZ AR

=, I REREMENRAE

31 ARSHMERERA T RAFNRIERTMES

BRMIIMARFR LR, BETITHEXNEE——TSERBZEETH LR ARNKY, IBAEMARIR
A—HENERE. ERMAIRZNAE, —TEARNIKNIZE: —TE8ENs 2S5BS A
g2, fa, AlNSEEGSSEIMIRIRA . BRQNEES, BR AlERNABRIENAELZAZ—HFI? EX
TR, BAVGEALZRNEM: RERENEERTARIL? XMRLANAZAEMG?

BNXEZ2M—TMAHRINES, TEPEDNERE, AUNESM. ERNRKN, REFMT AKX

BATHIRTRY? MEA1KRROIKIENE? MhIAVEREEA/NB? (IR AISMNEEID? EEHA? (R MUREBCEIE
EFETAMBFIRR,
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What information is used for sex categorization?

ARDOON BAffAmii
AgBEARA ARAmAR
QAnARAA RARNANAR

ADAREE OoEENAA

B 6: #ITIER oK PHMERBHLER

RERSRXMESEM, HIMNRESS, EREBREAMLISFERMIBERN., BEAFRMHTEILIAK
IMIRELEIRPSEAR, FEREMNEIRAARRE, XB, HNEXAINNGELRZNAE, BREERNA
% (Reverse Correlation), 18145k [OHEREBRAL.

B, BB mAMSEEIRTY, SRIREMSHNTHEN, SBMMEFIIRTEITER
SHFIRAR R, ARBEEZE—THR,

B 7: KT

REESA—TRE, (RSERIRABRG DA, FENE KRR, FELE KB, FEZRA2
R, BMNOENREATEREEGNEATEMMRELMEZNN, MEZDE, AFHOIERXRE, EHE
DEESM. RE, BAMEIRMBLR, EM—KkPIER,



Reverse Correlation Approach: Using
results to infer internal representation

female average
HH
aAbA
ananna ™
aAbDaneg r

R
n
R
L

male

=

female

=ao3
m@ae
B 35 T

Qﬂhﬂ

Male average

[§] 8: Reverse Correlation Approach: Using results to infer internal representation

Sex neutral

male

female

Perceptual boundary
9: PMRREE

BRE, HONIZG—TEEIRAIERIA VGG-Face W%, XTREEELITE, HNAMIRFS, BER
BE—E#HTHME, XSBEMZENARBIRAINEG, RIR, SENRERRMAR TEDZE, HIER
HHEILEERID LRENRS, AEBEXKBREMAN VGG-Face, ILEFHITHZE, RINRE ] UFEAHERRE
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R A B MR, BANRAT 2 55KRA, BXRAEREZ M, MAMNREA—RF, XEsd)
IS EI—4B#K VGG-Face IRBIA RN A —AIRAI N BMHERA .

Experiment Procedure

as females

2 oy
-l v
Sex neutral

Accuracy = 100%

i = TR TT, RN 2 outputs:
N ForM
VGG-Face

10: LHIRTRERE

BMNEXLERFBWELETHE, ARERRNEREERE, RETRE, ARBUIINTESISME—
£, TEME VGG-Face IBEALIRBI AL MM EAIFILE ., FRKOENRZTE LETHMN, ERED reverse

correlation FiA] AMIRE RIREVHAMAES ., BINIARER, XEERETEEMERE. 2 FHKE XL,
as females

XLEHHIER VGG-Face REFLAMTI IR X BIER.

10 MR X BER

B, FATIDUERFIRT A S MRS S

RESME—E, SEXTEMN—KIFTE, BEXIERINEI, FIEh
ZHERHHEE AR Y BRI R —HR, XMKERENRE R,

as males

120 BHMRIFIBTROREER
©32e



BAVER SRS HREFRALEFTER, SEIRBFIRE, XKIRAIHEEERZ VGG-Face SEM IR
AESHRERLE, ENAIRXZESENZESANXRER. BIEERERPHREMER, TUAERE
B EEMNRERAR S HERBHNEFIMI, URAHR, BENTE.

Representation: Classification Image

CI = Noisefemate — NOisepare

CI: Classification image

13: Representation: Classification Image (1)

BAMETREZEMBERE L, HMMERT —TRENSMR. ke, NRBANNEEEERBZEXKIRAFIE
B, MEFEI—MIERZIER, PAAFITET X —RIVRIEFMSET VGG-Face M AKHIEAGHITIERIFIBT

Representation: Classification Image

CI = Noisegemaie — NoiSepmae

CI: Classification image

14: Representation: Classification Image (2)

JNRIE VGG-Face A, EREZWE? HAMABT TR 2 HKER. EAEDBERZT, HARR “HEL
AMEMESEEERME? BfliR XK, MBMET, RERKE, MRGEBXMHMEF, BEEBMUHM
BM, FEREHFERR. TRIFER, EXTIRAMTT. XEMIBTEDBSHMLEAHER. )
RIEAERRITE, D352 BIEARERMZIERITER
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Comparison between hardware implementations

neutral face

15: Comparison between hardware implementations

BAVRIFE VGG-Face FFFEEIMAKMZIFH LM, XL, MRBAXMKEEETEREX, FJUE
2 0.73 HOERE. MM RAERM, A%H VGG-Face AT EMMRMERTHERIRFIAIES.

—%, BIPBPREXTRAURREEFAZEBMER L, AR, RMEPHENOEINRESEEEHN, BR

B EMENEARN, TERRALODZENN, sAUEeM, BIEEMANSMNERSMNER, HARE
B — LSRR EE.

Comparison between hardware implementations

E 16: SLIRNEFEE

MAEBEANBDNZ SRR TE, A VGG-FACE MIFEED A4 F. RESEEBEIFEEMLE, mME
BOEERN EERSH, METESIERMNIGM, AR VGG-Face MBMIEHREAT, AT, VGG-Face flA
REFTHREILEARAESE, ESRBTRANER.
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Comparison between hardware implementations
8 16

Human and DCNN rely more on LSF than HSF in the task.

17 EFLMEFNRAIR, B ZARBURIMAYER

HRESE—T, TENMARNEREAZ— David Marr REBRIMZM=1"EHERZE. E—T"EERXN
BIBARESERENESS, LEAX P LIMAIRMBMANRBIES, XRESNEH. RENEERMEINNEH,
MRt AEM4LH. EXTHRETAPIHNES, —1T=Z VGG-Face, — 1 EBAIAM, XEM1T 5%
ETENYERE.

RMEEEIMER, PEERTE-TRENER, MZARMENEE. RUEMNEEEBANSL Z@81—
s, SMERMEEE. SENFRMEBRIE. ELARRE, RIEMBESENZER D FIFEER.

David Marr’s three levels of analysis for understanding intelligence

Hardware Representation Computational
Implementation & Algorithm
Realization in biophysics Realization in inputs, outputs
& transformation & strategy

of neurons and synapses

VGG-Face > Sex Categorization

Human Brain CI: representation

Despite dramatic differences in the physical implementations between the artificial and biological
intelligent systems, similar representations may be used by different systems to achieve the same

computation goal.

18: David Marr Ie BEA IR IZMN =" EEIEFRE AL
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3.2 EMMESZWUNTRMEMNRIE+SEER
VGG-Face MIAKREMERMRTTAMEFNRBES, BIRFEHETA"

HALTAEMS LRSS, BB —TEIL, BEFTERIES M, BEZRME, BXEK=. BE
SAFEFLAVA, FNMIRFBERARIIER, LNHNEIE, RFRE—RIHE, MARRIEHR=TE.

HREXNESNIRABZARBRIAER, LLWOEZNRAMY, ERANBEENE, KRNRBERFER
M, EEEEMERTIE, RBItIFE R,

EN VGG-Face BRI EFLIRAITNIIZANIES: I, VGG-Face SABEMMNIRIE, AJaeRERN LARXMD
[RE, Bl (1) VGG-Face MA#ZEMMAEELIRAMIAE; (2) VGG-Face MARNAIET KERESL, Eit
SN EFLAIRFHE QEER) U=k,

What makes faces special?

Task: identification versus Categorization

Faces are processed at the subordinate level Objects are processed at the basic level

Stimulus: LSF versus HSF
b
" "

The processing of faces relies more on LSF than HSF
190 fFALEAZEIRES?

B, BAPRIEE—T A e HENESER, XE, FANERE AlexNet, AlexNet BEFNENLE, EX
WEFLIRAIMEMAE DL, BINERE—EHE, ILEHIRBISZMN LN D EES, EWR 3%, B, 24
AlexNet ZFRINIZMAD LN, ERHEBESUENIMXS, EHRBASS.
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airplane i.!z > .H.ﬂ;
2.1 Will prior task experiences am EB..H.HHBQ

affect representations? ot ﬂ \ ¥ .-I

« K Ill

e lllﬂ‘l&ﬁﬂﬂ_l
w  HE<HsBANE
s R R O O
wee IR S HEREE

AlexNet: Trained for object categorization ship EScpidd=EERE s
ko e R S L SR )

ImageNet

VGG-Face: Trained for face identification

| | e N 2 outputs:

=
17 Female or Male

Accuracy: 93%
AlexNet, which is designated for object categorization, succeeds in the sex categorization task.

20 Will prior task experiences affect representations

IMAER—TEBER, AlexNet FEERIPHA EHEEABIMA—FAVERE, B2 AlexNet BRIZMAZEMAIE
ENS? FA1RE AlexNet #5IS EMZMRFEE, WTEMR, NREBPIINMEFEFEBEREN, EXF
X, HXEET -0.04, HNEEEMBRENERELE, SENARDLIERENERNFE. UM
MRER, B1RIL AlexNet RARBEBX S EHMNLYE, BEREMANRIERES—H#6.

HNE—LNZ @RS, ERSHEEDNFRNZESRE, FIMNEER], 4L AlexNet MIAKELR
ENIFSHIEZTEXN.

Comparison between hardware implementations

AlexNet

I r=0.03

21: AlexNet KO MRIFFAMNFRIES ALERTEA—HFDN
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EESERMNE—BHEL, BIIRATMINGESIEREE., N4 VGG-Face MIAKERX T BML R AR
ERMBMA? ERNEMNSBRIIGEMSEELHITINI, M AlexNet BERMNEE LETINT, METAENR
i, SHEMMERRARRIE.

R—REAMNAT MBI RERIERE. HOZFAUMRMEE AT SEENEY, MERRENETEL LT
HABARGHENNES; —BERHEAT, BRE-TER, MBERARKEK. thMIiR, we are what we
do. HANMERER BT EFTMIESFTRERN.

Summary 2

Vggface

il —
Task? FEICC\ are processed at
subordinate level

g !
Yes - E o ITV
AlexNet ; I
Faces are pmcc\‘scd at L s g‘.‘ ;
basic level - ool ‘l ~
& 22: BN E RN NI EMTRIMESIATER

E‘\é:ut T NHRERZEEART —RIERANTAMSECURIREN, XEBXBEDTENTHRAE®RE

EATIFMERRR, SETRE. UMUNRERENE, BHE—F, MRS, HERZHMEERZIR
FEQRﬁﬁﬁ/ﬁiﬂ’ﬂl}\fﬂ?‘?%%‘ﬁ’éﬁ%hu?\]T«%T%ﬁ'&ﬂ’]$ﬁr‘i RM—DOMA. BEmE, —MIEENARES
B R BIEHARZEU— AR IENHIE (brain inspiration), RIFBINAIRIEZ RIS IZH IR HITEE
(cognitive modeling), AERBITERIZERAL—MTEEREEENEE (physical implementation) SRR
— PESLAYIISE(E) R
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@ L ABRER: £EYPAEMITENMRE Z BRIFHE
#HE : A BT

6 B 22 H, ItRBFARSET TINNHEEMETICE, KEILRIMEARFINIHERFSZIERERLRE
MEZBHEER. IRARFOESINANZRNHHHER., BEAZLDEZRNNEHE., ERAFHTENRNRE
iR PEMNEREDCHRMORLERD M T IRE, HERTINNFRERZEERD A BRI ABL.

FOUREERZIRAZHENRANIBHR, EHREN (EMUEINTENA R ZBRXSE), ERER,
KBEEREL, £MOUNRIRATEINIRERENENEGIRANGEIFERNX, EMHNRIRFL & E
EFMMERANE T OEBNRE, MAEMENERRINTE _FER, 5 LM NHORRRED REMN
RANEF/ME. BME. ZBUESESR, THEEREGNSHERRY LTS RO, MEXESRITFHIE
RERZRLE T —HHE @,

MUFEEHEX.

BHOREATZEDARTENM A RBLCEN, DARREENZMNATEEMRNENXR. XM
MEAR EHMEERTERNEME, MME ZERERRZIFEERNER.

Opening the black box of intelligence
Al

¥eo Fer Fes

Black box

HA

Brain science

Inferotemporal

10 FIFATERENETE

—. REMZNBRENT B EMAR
REMENEBIFRATEENENSIE, BELIFEMI), A ERBEBEESIMEMRAIREZBIAZ,
BE, REHZKMETHIRRZSDM,

F—, REMEMNBESREMUT KMARBEFORIE. BREMESLENSR, EEAMNUMRRLLEX
ERGZ, FMUAERZSITHEARIIREHRZMNEEIEERNRE, ERZMESLE, ANKRNENSH.
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DNNs mimic the feedforward, hierarchical architecture of
the ventral visual pathway

2! REMEMERE T B EMNR

HNBERENG T, MTEMR, AR —XME, ERNBEMERRERT, RP TR, MIIIAL—IRIMAEEIA
HXE—KER, MAEVNEMNZIERD NRAGEHTE, RRBBEHNER, 2RERWRAET. HIETME
MRENREESFEMNRE. BE. 54, ERREANTHLNER—KEE, REHZNEN—RIALALHNE

P~
2
RRko

¥

=
=

BESLERT AT, REFINEODERFNHTNARZERARE, AKEBREMENEREDHTIAB,
B AR EHEMLE R T RBEME R # TR,

DNNs extract local rather than global features of objects

() (®)

Deep convolutional networks do not classify
based on global object shape

Nicholas Baker('*, jing Lu', Erli 2", Philip J.

1 Department of Psychology, University of California, Los Angeles, Los Angeles. California, United States of
America, 2 University of Nevada, Reno, Nevada, United States of America

3: REMEZME R ZNAEB/EERHITIRA

TERREREREREZIFA B HREENEH RN —TMEROE, XPERCDTAELREMEERIRE T,
AT EBERS IR Marvin Minsky £ 1969 FRifgH, BIRIFEMBREBIAIMERAIIRS],
e4Qe



EHFEEMR/VIEE S S BEELEN TR EEFRGAEN—EERNER. EREEMEBNUEXR
MABRENIRNAN. EHRINFE, BEENRIMEREEEENLES KL,

ERESRERIIRMEIRE, BMEERBMETEEREDERMER. HIMERHEZRERNRIRERES
SIMEERRIEA B,

DNNSs fail to recognize the topology of image

%‘Zighy
= —|xr¢
Eg@/

Topological Limitations of Perceptrons

Minsky, M. L., & Papert, S. (1969). Perceptrons: An Introduction to Computational Geometry.

4: DNNs fail to recognize the topology of image

PR, HATELEREBEMATAZNARRERES. HENZNP—BBE 1T 2F1e, MEAKIRMIE
IEEREERESCEHIES . IMIP RS NAHEEEG FEMMEIK, WTEMR, ZINERTHRE
X, MRRAEFPINERZENERBEAE Y, BRERBZMBERHTIRAIMENEZZTBEA, ZEZEMNERESR
HATMIRRAINGF . AANERTIAEY, RREEESTEBRERISINA, ENREEPE—(IEWD
Rz, BERRZEAMANNETLR, EATERBBEEHNBAER, XEMNBEMESHETMIRRBINE .

Global vs. Local in object recognition

@

B 5: MRRBIFHNREENFBEER

o4e



REZFIMEZZBIREBHESFIMEEREERRFNMEN, Bk, EINIEENZIEE—TEe
WERRE", XTELEL, ARMMBIRAIEMERIER. MEFZIFER.

‘rERET MEMNNERREE—N, AR—TAERNAFF—RMNT, RIELERNIXZTA, RE

BRI AR S, ZME—IPMEERZIETEIRBIRE.,

Reverse Hierarchy Theory

Hierarchy & Reverse Hierarchy
of cell types & cortical areas

high areas represent
objects & categories,
generalizing over
position, etc.

Early explicit perception is
a post-processing high-level
view with spread attention.
Later, attention is focused
~ =~ ~| onspecific low-area details.

lower area cells respond
to simple geometric forms
in specific locations

Hochstein et al. Neuron 2002

60 BERRIL

BOIMEZMZNAERBEAZNUDNNSNEZIN—TEARER. FTERTT —1TXH, HKAZ2EN.
BUEE, BREE “EFL" MIMMEARE BT BRI
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RELWERR, AXBRFIFRRIME, FEDREEZEDANRKE V1 REEZE, FRig V1 ZE)RE,
FMARSFEENNR. XNERBAZMAEZRNKEETRELEE, RETBBEMAMIREX EERE
BIBRKEN—FERZ.

The subcortical pathway

Blind Sight Innate Response

a Looming stimulus

300 .

o

Time (ms)
2
[N ] .. .

Shang et al, Sclence, 2015; Wang et al, Nat. Comm. 2015;
Huang et al, Nat. Comm_, 2016

= /—_‘-—.“
Mlm\_‘[‘—f“m—bwamamamaw%

8: The subcortical pathway

MERFBMLREIFOERT X—xR. EEEREETFE, RERLEZEN—TERE, BEI—1/0
RUZEHHRIRTE X, XEG THEBARNERZERZR M TR, ZRUNBRZZNLES. XiR, ER
REENE—RNEEIE. BFERKM, £LEABIRIBZETRUATNILERERSHIHMETERIE, 5
HEMERE TN EMERMBEN R, X TLRRBAENRERNERE TER, MIEERERSZ
BRI B £

L RER RGNS NEENLID, EERRAKBZAERZRANRHRHEREE, LZKE, X 25
YRARER A, BIEREIREMAT LRI AR IaeE

BZEXMOF, BRET—MHEE, EIRAGEHRIN TS ERR, HNBRLT —MRE, X MERE
BRMES, TEETHARIRHA, BEEBTHNNERT “UNE" . XB “ONE" NitERESR, S
CER R SHETE, EEEXNEREER N, REBRATRENE, “UNE" HETE2,
BET—TERS, HOATERIIGEMNBNRFENS, RFBEINGEMEREMLE 2 BREE.
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A reservoir decision-making model for
spatio-temporal pattern recognition

Looming stimulus

—
@m_qumamﬁmummqm_Jmm
\__/

Layer 1 Layer L

E {t) r'(t) @

Reservoir Module Decision-making Module

B 9: RAICEI I EIEREY
RTREMS, ZAMMHELTREARE-T, UATEMR, S8TREAZTARZRIN—XEHEN,
RERL TN 2R RIE, RARIAFZNEN, XBEEMNEHANEELEE, MUNEZEBEE, X

LCRFRZTZEFAEEENT, ST HETETEMEHAWEILE, NRILEZFESRBNSHER,
B HETHRVMEIHEEHZTENMRLM L,

A reservoir decision-making model for
spatio-temporal pattern recognition

ds,

+1| S)vH;

d!

ax; — b

H = 1 — exp[—d(ax, — b)]

Firing rate (Hz)

X1 = InnSi = IneS: + Iy + I + Inoke,

=InnS:—IxaSit L+ L+

noise,2

0 500 1000 1500 2000
Time (ms)
Wong et al, J. Neuros., 1996

10: A reservoir decision—making model for spatio—temporal pattern recognition
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RMEENHTEARENTEIRG, PRI EXTMREE, BEES SR, X MESH, A
ERBHE 1-2 0, REESTHMAZRES, #TRG ., ITRENAREATUNMERIZL, RFE1-20
HEEMED LZ22—TANS TR,

Gait recognition

=10 t=15 t=20 t=25 t=30 t=35 t=40 t=45 t=50

Model | [ 10cla
-LSTM(20) | 58.1%+6.2% | 45.7%+6.0% | 39.0%+4.4%
1-LSTM(50 | 60.0%+7.9% | 16.4% +6.3% [ 42.5%+5.0%
I-RDMN | 69.0% +5.5% | 56.8% +2.4% | 51.2% + 4.0%
5-LSTM(20) | 81.8%+5.6% 7 3.3% 3.8%+4

- 5-LSTM(50) | 81.9%=+4.3% 79.9%+54% | 80.3%=+2.1%

ﬁ 5RDMN | 93.0%+38.1% | 83.9% +2.7% | 83.0% £ 1.7°

—. EPARER- TSR ENTE
BN A —TOIBYIEL IR R AR FBEANIRRI LR LR R BE R, BARE TEIF2INER, B
—RBREMt 2.

You see what you want to see

o455



MR ERE NI XKENIER B ER LR, PRABIEEGAREE LK,

You see what you want to see

MAEMRMEELRERE K4, URIEFNEHBERE, MEERSGEPE—RSF, BAZMRARFTER
THEMFUFNKRIIR, EXRBER—IERE. BBIUNBE—RFNEE, REREBEE, XIFRIRX
ZRBEPE—RF, EARET B LM THOFNKRAIR,

You see what you want to see

BRI MEETE—&8, BREZNRRXEESETE—FE,
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You see what you want to see

RSERRAARIRBMIAR, KREENE LM THESIFEEER.

RN E RIS T BGERN—RZMF 0, EE—BEG, ENBERELEERSST. TREK
EEIRMISRAA—1, BRIERILRMIERRE, —TEEGDE, —TE2WIRR5,

Image understanding: an ill-posed problem

Image Understanding
=image segmentation + object recognition

Chicken vs. Egg dilemma
+ Without segmentation, how to recognize
+ Without recognition, how to segment

» The solution of brain:
Analysis-by-synthesis (51 5EMIiE)

+ Abundant feedback connections in visual pathway:
Sillito et al, Trends in Neuroscience 2006

« Contour integration in V4 is earlier than that in V1:
Chen et al., Neuron 2014

IjeuLIu0D)

16: Image understanding: an ill-posed problem

EBMENIFE—TSEERELLEIFIE: KIR—EER, REGENDE, WEHIFR; EBx—7AH,
WMRRBMFTRAMAE, XANEAMEENDENR? NEZE RN, —RBEGELSZMNDEMRBINAI, A
MEHZ EXR—TAEENE-R, TIEBARKERZ Al, EMRIEEIERE IR AF I,

KERFRZTEEMBEBEE—T FUNSENE” 9ERE. SRONRFMEN, MENEGERREEERSH
KR, BlBIPMBMRIEER, EaRREMEEN. BUERBEIRGER, MIMMARXXEIE, it
RE#TE, FREIRBDIA,
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BMNEEBEEPRERIRZXTERE, AAERBEEET, RENERFE-—MTEIESMEERINRG. ENHE
HRNR—TEGESANFE, RISITECAERE, AMAEAEMET TERRLE. TMERE, Tt
AT BN - ENE - B0 - EMET, RF|ENEEREDEN, XTIRME—E#HITTE, BIEIIEENS

HEEMEFTDUBARAMANIRBINFIFESLA0LL, MRS 3, MBSRIEERFRIRENRIFERL
AITEREES, B TREZINEEEZZRNEARER. BEETIIHEDRR, KRWXIERIIRS]
RREEBIUKE, RRTREERENUEE.

BRI, EMMRIRFEDEMFER, RENBEEISYEEEHETIRG, EERFEBISREEI AR
=R HIRA

TENUFENSEHN—TTERNMERERF @RS kRS BENRA . HISEXAEITIRBIN, 7o
SPEARZERS, REREFEAXEBENHITNERA, LUHNER—TER, KRIXENY, BRBIXE
I, ERIAHE—FRBXZ A4 mME0sE, FITRIMAKEB A B CEERINRBIESEB/NEERIRA,

F—FRIERIR (Push feedback), EEMZERIEBNERES ., RIRSPMEKIRALMAZ—RIHE, MEFKE
TMXAEZFLIEHNERT . RRERR, BEENES, EFHBRNER. F-HEAKRME (Pull feedback),
HIERREHIEANERE, BERNERTIEREIMTYERE, EREEZENEHENBK.

Push-pull feedback for hierarchical information processing

;

Grandparent LI Bl /
' :
w
— N
Ve
-3 /AN
[ FE B ELY TR SO ey ]

Categories of objects are determined by their similarities,

Child NN

Push feedback

Wk - 1 Z cobagaf which are encoded by the correlations of their neural
. NP,
"a,f

Si 55 ¢

representations

Pull feedback O Push feedback: suppress inter-class noises
”_:J_Q (P 1), O Pull feedback: suppress intra-class noises
Liu et al. NeurIPS 2019

17+ Push—pull feedback for hierarchical information processing

SHEE, EMAREIRAINFREHRZENENE GRS FIFE RO, EMOARIRAPRE LM
TEEME TmLBEBRNRE, MAEHENERRTE MR, B LM FANEEEY REMI A
MEF/E. BIMIAZEEEER, MRPFMEBRERENE T —HHOBGHSE, INIHENENATEEE
NMizZEENIE. BRELE, RRIENZN, XHMEEETRIRSE.
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@ PRIEARERL: MBRERISSHITE
I Al BT
L2, TARE, SFATEERR, WHEESSREEN MILZE) T,

TER, ATEEELZDE—RBREZIERNARZE, EARRNFKK, E@EREATEE, ZHMN
NEEMRNZIRALHBXIENPOIER, RERTE) EREEMTARZHUMNZEZ ) WEEZ
%) NEEAHME,

A Bridge Too Far?

Incomplete knowledge about the brain

Dramatically different structure

1 WFRMEANMDBERZRA
6B 22H, BFE_RBERAS NNMEBLKEMEIRIE” £, YERNZREMEHARARIUARAET
“From Brain Network to Brain-like Computation” FfReE. RILUARRMEE Marr JARIRERL D, B

KT ENARDANTER: B, BE T8, 23, #t8E8—FEE, RIUMTAIMT XEIFHNE,
MERAENME.
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What aspects of the brain are most
relevant for Al ?

Learning level: How the system gradually
learns to do what it does

e Computational level: what does the
system do why does it do these things

David Marr . . .
(1945- 1980) e Algorithmic/representational level: how

does the system do what it does

e Implementation/physical level: how is the
system physically realized

B 2: Marr $EMiTtEOMR D NETER

RIWARZIND, REHABARNRMEVNIFAATED, EXAFEREEARNERALEZBLECENHRE
BRI RIR, MR BN BEARRNARIIRIT,

—. BHEE: FE—RITEN
BB ERNRDEIRERMN, HEARWEREHE. 8%, B8, RARSHIBRLERAAFAEDT
ARER s HPEflsscERam 7 EST (CPY).

MEYRLIEN, HENCEEMFRERETERILES T, BB ZEEREEIFMEET. EXMEELR, &F
Mzt S rT 2 BEHITIFE SMNBERET, MMERRSHEERE.
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Ivy Bridge Qc.s

perrt 0
100 entium
POWERS '\ 8 i
POWER 4 %o PtgnqurE 26
AMD K7 —3 QUER 7
POWER 3 o\ Pantium M
Itanium 2-DC

POWER 2 ) Pentium IlI
4 .. Pentium =

8086 @ ..L AMD K6
I ant

-
o

80286 | Pentium Pro
AMD K5
0486 ® Pentium
4004 @ /80386 @

Power Density (W!cmz)

10" 10* 10° 10* 10° 10° 10" 10° 10°
Clock Frequency (Hz)

3 HE MRSEEBENXR (WIMIRARMEEEFMAETMER T2 BERNERE, BEEMERARINK)

MERTENURT SEERE, GPURHIMERAMIR, EhERTEHEEDEZFRANEA, AIBME
2000 FFRN—THRMEMERZMRNITENNG], HEST 144TBNATE, 14 5 T4E=S, IhESk
T4 R, SHXATENEITN, MaE— LB EHEE,

i3k, BHNEAR, BBEULSHERE, AMEINRANRE 20 RAfA, (MEST—HRXNARITRIER.,
MEARMER, REZMHAR? RABARS, BEEN—KRE, TETEHEKEN, ABNITER “F8—
R, EARBHENESD , EROFENLEHFADTT, HENEAFEEFEs, XEAE=S.

BEAMAXE R, EFEFR, BUREZOMREANMNT “EE—EK" SHAGS, EIBMFHE
TrueNorth HIFEEAZHIHIN Tianjic EXHERHEHNAR. XMSH B NHETSIHELNSER, RA
HhARIR T EHRIMEIR G P SRRV REFE (B,

—. BiAEHE: EBRMAESER
ABEEHE, EMRNATHEZNEZBAESFEERRR, RIUMRAERSFRTHIMIF, E—"700F
B REAIREIERS Dropout EEZ EHIX R,

FEEMHRERED, LT BEREET — IR ERHITN, ZMERBEMMNMEETT 2 BHT
EEREMNMS . HRRZTE—THERUN, ESRMEMHLER, XMBRREHETREZEESR
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BURNBES, MNMIMEESERZTZBNEE.

EMTHETZEEREENXRE BESRECEMEEN. SMARNFERRK, BRI SRELE
FRBERHAAR BRI — IR RN R AIEIRTE 0.2~0.3 Z[8], BIE 80% AHMMERRHIMESEMAM, A
M, WIRARINERAB EMISHEN . HRINEK, PIDMEMENEER, EFhEs.

ATHHZ MLY% 7575 Dropout IEEN XA REFRIMEE: EMKIIZGN, FEHXAEEMHET, mald
i, ILPPERZTHLIIE. GRER, MEEMDE, HENENEIENERREMRES. F_1FF28
FEZMENRFVRE, HNANB— TR HETEERN, BRRER, B— T2t RS

2= ANK
ZTT L

o>1

imbalanced A}
supercritical 4 :

Critical
state of
neural
networks

balanced
critical

A A

A o

e "
A

o<l

imbalanced
subcritical

Shew and Plenz, Neuroscientists 2013
4: MATNEBABARRE Y 2 BEEHRAR
KMNELAE, SEBAYAT 11, BENENEAR, RAPESHNEEERTEEE MAEERHNT 1

i, T8 REREREHELTHTHBEED, AERAESRERIEER REAEEARANSET 1 1,
REA RRITHENRE.

BARXAERRNET 1 ORERSHMAIRFVRE, EEERIAT 1 WBAMAIBIRFRE, NT 18015
MIRALIEFRS. ERTERLIGFRERBIRFIAE, AT EENEBNLE., REFERFRE, ER
7RI AT EDIEERRIFHERET X,
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Critical state and Reservoir Computing

A

I&FOIRET,

BEESZIRARZM, AERRX—0)RE,

B
10° |

S

L

&0100!-—-1!-‘-1—-%.—,

) %? s=0=+ N=200

“310-2- 4:: @ N=100 |
= %= N=50

e T AR ABERE SR

Input module Reservior module Readout module

Ay Teacher signal

05 06 07 08 09

&
i

17 12 13 14 1.5

Zeng et al. Neural Networks 2019

5: Critical state and Reservoir Computing

BRI

MEFRREERERME, EMLERANEL, RFECRSEIFSHN, MHE—sMs), Hit
R MEE RIS SEENERL TRNTEERSHNEREML? K

Critical state and Reservoir Computing

Short-term depression (STD):

Accuracy Rate (%)

Membrane potential:

13,,(1) = ZuJuﬁ(l—rf” —Ty)+
J=1

P I7(1)

. 1 -
J(n= T—(%- J,0) -], (817

Levina et al. Nat. Phys. 2008

90 T T T T T T T
9. Static Plastic Size
B AR —— -4- 1000
85 - pS L3N ]
o e ~ 4. —— =—e- 500
) o —e— -e- 300
804 &/ 2 a@'\,‘\ Mo
- - -Q\
T . .- ®.
V- e e, A
o~ o o ~a e
75 * ---------------- & o-o=gzg il I vl vty
p ®-6-0 .o,!"‘e'o
< 1 I . 19~ 9o
70 ! plastic N=1000 » )
N o l
'Astanc‘Ni_‘mm| 1
65 L B ) . , \ '
0 1 2 3 4 5 6 7 8 9 10
oL

Zeng et al. Neural Networks 2019

6: BENMRIFIERY RIGFIREEE
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HEMNZRREEYTR, |ETRRE, FNERESEEENFIEEAY. SRNLEMR, EE
BT, RFRSRE: MRAEBMER, [RFUIRSHERERREAKIEN.,

Deteriorating dynamic range in deep networks

“ Deconvalution network Uz
p— s P
F F & TP A . iy FRSF P AL LA
L e PO 1 J,L
- - - - — - e v LUl

Li et al. http://cs231n.stanford.edu/

7: Deteriorating dynamic range in deep networks

EHER, EATLHEMER, BEFEEEEBERTERIMEIEIESRERELDE, BIFME “BEBEE ., X
X—[a8, BeiERMRRAEZMA Batch Norm 8 Layer Norm, thEIFEA THZMEHR, SHNMMNERR 2
BRIM—TEHNLEE, XTENERARIEREERNESHILZSRHBINIARE, NMEEERNRNAZE
PGEEWEER

BFMBELARAZHRIIMOTERIE, RNFKEXMEINE. ESEERMINEG, BIREMSN, ERAME
RESNERIER T, RITERESS RTINS BEE T EIE?

=, itEEE: BREx

HRFEEEA AHTEEENELHEEHMR. RIUMRZESMIIEE X FKAE (Nature Machine
Intelligence) L #—%& TE (Continual Learning of Context—dependent Processing in Neural Networks),
TR A,

AKERBELY), REBNFILERRED " ENHMRER, TMBEFEN . AEKRWARAIUERFEHR
AEFIRWGHTEOZIR, T E P MRIERRIRIME R ERE B ST A,

o544



ERXINZ, =AU DNN RUERNHERLE, REFMEIMARL ZEIFEERNMEIXR, BTIRA. D%
TR

BRE—EBZIMBRER, CEEMBREMENT, BEMULENF IS, WA LRMERFER

REE (LLMEBRS. HFEDL., F8T4S% ) MHERENOLN, BIAFHRERSTHNEXR, BEMBEEMRHE
%3] (contextual-dependent learning) BI8ES] ., BBA, BAIWAEERRIZEIRIE?

PFC and Cognitive Control

monitoring

Prefrontal cortex
General-purpose
Working memory

R 4

monitoring monitoring

Modality-specific
Working memory
SENSOory processing

Modality-specific
Working memory
( motor processin

Motor outputs Sensory inputs
Miller and Cohen, 2001
8: PFC and Cognitive Control
BIRRIZROARRA, KNNSEM, BRTREHAN . BifHXMBR 2, SFEE—TRRNBR (EER

ABRIEIM ZIEER, BRI, BUEHBORE T ARBENIREEN) . B MREERERAEE LRET
AR RTENIERES]
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PFC-like module

...........................................

Feature Space

Encoder

Inputs

Sensory Inputs
Feature Extractor

you _g((wi.. )" F): C=g([c,cosh,, ¢,cosh,, ,Le, CGSBMT)F"
Yo o (W )TYD\.. =W coso .6 = mms[%]

Zeng G*, Chen Y*, Cui B and Yu S. Nature Machine Intelligence 2019

9: PFC-like module

BIER, RIUFARET —M PFC-lke BTN, WKL ZEMANT —MBRLEERIR (CDP),
COP RIRIIERER M AL 28, RYE Context IR HFITHER:, MMBEBMKIE L T X HREMEAER

=
B/Sho

ESERTFER 1. FIBFRIR, ENRBIERERRDNEINZHIES: 2. i FRIR, ENBRLD
BRREHIESHRESAA ( BTHENE RS TRSIRSESHE LT Tk, MM ik 78
w), EREA!

e56e



Context-dependent face recognition

100 o Sequential Training

—— Multi-task Training

unalul&lm““

r 0-0-0-0-0-0-0-9-0
A 0-0-0-0-0-0-0- 0-0-0-0-0-0-0-¢ 000

Test Accuracy(%)
-3
th

Zeng G*, Chen Y*, Cui B and Yu S. Nature Machine Intelligence 2019

10: Context—dependent face recognition (E: E— R TEFEMEAN, ELEZS) 40 AR AKR
BN DRES, EHESH 40 MoRBUARLF—K. )

BAI1E CelebA FUEESE T, 1ZBRIEFHAES, %"I‘N*ﬂ%%tﬁ’\] 40 B, F|E% 40 ’\ﬁ’*”ﬁ £5E
BfESS, TR COPERE, — MERGEMARMBE DL, BMEREE, EEH—T TR TFUNEAE,
E2ENE: (EREZE Nature FF) Machine Intelligence mﬁli BAE¥EY), 5733 DNN ﬁ%j@ﬁb_!)}

M. 2IEE: EEPINFREH
FIRHA, HENZEHEN—TEROAZEMERS, BHENKZEZITRNESN, URAZIETEIE
SNFHERRE—ER)ISZ, TREZIMNESIER, WEMSIEMBESHZENMIRTIE,

e57e



Catastrophic Forgetting

11: Catastrophic forgetting

M EERNE, FibEMEiRs] 8y, SE—TIHEIFESHME BRMBILNEEZ IR HE), XK
ZEMEMZENPE FRIEBEERERF 91, AENEBHEEMSARE FEF, EETEER.

RAMAET, H¥S HE OESH, NEEHX ) NESEININRETT . A, AMARBEZMAME

PREIRS BEE, AKGRINFDFSINREES, REIRBIENEETEIR . TXX—E, RIUARA
FELERINBREXERRLE—MMA TEREE (Orthogonal Weights Modification, OWM) J KIEIE.

Orthogonal weights modification (OWM)

T V! - ~ BP
P=I-AlA'A+al) A A
Zeng G*, Chen Y*, Cui B and Yu S. Nature Machine Intelligence 2019

12: OWM EERETREE, (a): ENEEMN, OWM BERREEZS BP AT RINEREFSHLES
MAZBEIERZNE D (b): EIRESS, OWM BEIRRHENEIRIVEFCELOREIBESHBR=E .
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OWM BEizmIiz O BBRE S, BIEY P ME2/E, FIMESHRDAEIBESHBZEEH, FUHESB
ERREMER, AFIMESH, REBESAAZEERNG G LERHEMENE., Wit, REBE/L
FASREESHBMARERR, MIRIETNEAEMRESIGIRFERIINOE, DHENEESETE
b, HFE, OWM BIERREEF P SREREEESINONELEA wIFBRIMEEN, BIHEZHIN
B8 Aw=kpAw, XEKkHRHY. OWM BAZIM T HWEFERMRNEREFRF, HAAINSHEHERE
BETEHRE.

Performance on larger dataset --- ImageNet

Concurrent Training by  Sequential Training by  Sequential Training by
Data Set Classes Feature Extractor SGD (%) OWM (%) SGD (%)

Image Net 1000 ResNet152 78.31 75.24 4.27

¢ S, G 5 n n

input 1eature:maps feamle:mapsfeatuemapsfeamre maps output

_______ : - V P \

\ e \ \ “
\ —— .r ' \ >

\:: ?—'.." '\\
V] Nl AT

comvolution \ \ | 'l \\ iy \
subsampling  convolution 1| connected

subsampling \ \

feature extraction classification

Zeng G*, Chen Y*, Cui B and Yu S. Nature Machine Intelligence 2019

13: Performance on larger dataset——-ImageNet

0 EEFRR, RILFEALE ImageNet BTN, JEEX 1000 D2k, $SEIRENEREA ResNet1562, Tl DE
g

1) HXRAESH SCD 53k, ESEAUIGR, EMHERR 78.31%;
2) fE%F3 SGD, EFTBEESINFINGE, EMWMERERE 4.27%, RIER MREMHRT) NER;

3) LKA OWM 3%, ESIMFIIZE, EE82I TGRS, HERZERRETEIAE 75.24%, MaEE
T SGD RIR &%
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Performance on HWDB dataset

3
\

=

)
n

S 2 =S 100
A O O O O -
AR ¢4 22 T = o o 0 $ % 3
. = % Z 80
¥4 S
A o 3 -~ 3,755 classes
Z S gol -0- 3,000 classes
o Az “ E 2,000 classes
19 A
1'L I EL
?)_‘\‘ P L 40 N s NP | s " PP | P
Ta I 5 1 10 100 240
B _
= . e B Number of samples in each class
75l E A y?j 7z
X F v % - . - -
Number of Each Class
Concurrent Training  Sequential Training Sequential Training
Data Set Classes Feature Extractor by SGD (%) by OWM (%) by SGD (%)
CASIA-
HWDBL1 3755 ResNet18 97.46 93.46 35.86

C L. CASIA Online and Offline Chinese Handwriting Databases[J]. NLPR, 2011.

Zeng G*, Chen Y*, Cui B and Yu S. Nature Machine Intelligence 2019

14: Performance on HWDB dataset

RILFARFEFEFEIESE HWOB E#T T, &5 3755 1%, HSLIRENZEM ResNet18, EHFR] MU
&3, XA OWM IiF1I1Zk70 K3 REE SR ITIRS AU IERE,

BES—RNE, BEEENRIIMERZIRN, UFERXFIRBING, ETIIGNETRNG, KA
MAMAUREN EAF AR AEESN P RN T, LERERAE 3755 1% (XF) Lk, XFEE 10 MEL#
ITESFY), ERETSIAEI 90% LA ERIMERE.

OWM EiEBI AR 7 /OB EIRTRIMERR, (SR MREMENMUAINGSE a1 B D), mMERTNER
MZ S ZRBMFPEENRA, B—FEZIEANRENBOBERLIE (COP) HERES, BEBEATLH
LML R EBANELZ I TR RMFESIGEN,

He1, OWM AR B MG IREE NSRRI IRT, SEIELESPS); MRAMAIEtREE L COP &
REIMERMBERIRER, BHlHLNENERMIETIRE. —HESEA R ERABTELNNFEIEE
NEZZIENIE, MMEDEIESKTHEERE.

A, FIANLR. ENXEEMITIZ
BT EEENRRELEZSN, RIUZBIMENA T WEHRELRRARERHEANRENE . NFSIHEINEXE
. MEREBENDZIGE TR BNEMMINNERKMITENEE, NERARARERAENRERE,

INANFEREZMI— DL, BMWNE—TRBIFEFIIES, RMBEETIESFES LIRRAEREALENS
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E. RRPHNALEKRNESRROEREMEBILHNBTZFIES, XA REMENNFTIRAIR. FRXILE,
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