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Abstract  Granular computing (GrC) is a machine intelligence and cognitive computing methodology
that uses granule as a processing object. It is a powerful tool for approximate solution of complex
problems at multiple levels and scales. Its essence is to simulate the multi-granularity cognition
mechanism of the human brain, and establish a set of theories and methods for information space
transformation between the information processing mechanism of computer and the multi-granularity
cognition process of the human brain. From the perspective of granular computing and cognitive
computing, this paper analyzes several contradictory phenomena and problems existing in artificial
intelligence research. The information processing mechanism of computer starts from samples on
fine granule. It extracts knowledge from data based on the expression of data space. Nevertheless,
the human cognition process maps and reasons between data and knowledge based on the expression
of knowledge space. In traditional machine learning research, there exists the problem of separate
expression of data space and knowledge space. The separate expression leads to the independence
of data and knowledge. It is difficult to establish the mapping and reasoning from data to knowledge.
In the process of image recognition, the computer algorithm processes from the pixel points rather
than high-level semantic features or concepts of the image. However, the human visual cognition

process starts with global topological features, and then gradually refined features. This contradictory
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phenomenon shows that the information processing mechanism of computer is not consistent with
the cognition process of the human brain. This leads to a number of serious problems, such as the
vulnerability and lack of interpretability of deep learning neural network models. For example,
adding a small amount of specific noise to an image may seriously reduce the recognition performance
of a deep neural network and generate a completely wrong recognition result. In addition, deep
convolutional neural network models trained by ImageNet tend to rely more on fine-granular
features such as texture for recognition (texture bias) than coarse-granular features such as
shape. In this paper, the historical development trajectory of multi-granularity cognition based
intelligent computing (MGCIC) is reviewed and the current research progress about the nine
major issues of data-driven granular cognitive computing (DGCC) is introduced. Furthermore,
the three frontier research directions such as multi-granularity cognitive computing, interpretable
cognitive machine learning, and intelligent computing assistance for brain cognition are proposed.
In detail, multi-granularity cognitive computing is based on granular computing, which integrates
the problem-solving mechanism of the human brain into granular computing models. It integrates
the cognition process of the human brain and the information processing mechanism of computers.
Through collaboratively inspecting the knowledge implied in a multi-granularity knowledge
space, these two seemingly opposite transformation processes could be studied in the same multi-
granularity space. The objective of interpretable cognitive machine learning is to find out the
complex correlation between concepts distributed in a deep knowledge space generated from
massive data and to establish the mapping between a deep knowledge expression space and a deep
neural network feature space. The objective of intelligent computing assistance for brain cognition
is to promote the research of brain science and cognition science with the help of intelligent
computing models and methods based on the idea of computer simulation. This paper provides
new ideas and inspirations for the intersection and fusion study of artificial intelligence and human
(cognitive) intelligence.
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e T xR oL A g B W) N Y TR M A
R IR S DO S e SR e VI 2 A E DIV
Rk, S g R AR, BT R i 1 R Sk T LA
A A% 2 e 1 e X R LAY MR RE L R A R R

e 78k B 7 9 20 S8 AL 5 0 vk BF 58 7 T
Zheng % NV R T — AN B D BB M &
M #% (Progressive- Attention Convolutional Neural
Network, PA-CNN) £ %1 , 32 #8551 0 3% 45 7 {7 KR
2 AR B AR5 H bR, PA-CNN 2% — 434
3 M 2% (Part Proposal Network, PPN) Fll— 4> 3§
4957 1E P 4% (Part Rectification Network, PRN), &
I3 WAL R HAREAT 5 7. 56 B A AR 4 180 I 4% AR i 2
AR PRI T B AR AR R 4% D A B AR 4R
Wb o] HARE AT B9 HARERE , 94 PPN $2 {1 5 KS
B 892 F 07 B . PPN ORI PRN R Ffic &l = % ol

DL AR AL - B 20008 H bR 0K BE . AR BRI Ak
FEep B0 AORE B 1 3 B 4% 2 B mT LA 5 MR B Y
R 2 A5 TR0 e 24 AR R ] L) DL ME B Y O 202k o) E
B H bR JZ RS AR B AN A7 55 28 3k 3B A R I
FG) . 78 AU BE G TR 31 52 50 v a3k b o XA T
RSB AR ) 45 B Duan 28 AP R T — MR
J2 PN S5 HE R 2 () 45 A ) TR 8% 3R 7 2 ) T vk 3E i
28 Ak AL 8 ph 41 2R 1Y) 22 R B N 45, P Eh R 2 41
HEAT IR 2% 20 L B A00kE BE 1 2 7 T 4 R A H kL
JE W) R T ARAT T )2 P9 45 44 12 U At X 45 44 1
ZREFRRGER. Yang F A H T PR = S0k
TR BRI A B Y, 55 & A0 BB e, S T X
R AE 3 ) o X B T O B R B 8 A 29 R AR 1
IR IE R A NS S A R 1
1, Wang 5 N5 2 7 — 3% 105 B R k1L
(ML-OSMD iy #7 i =X 2 5 2 i ¢ 1 % £ 5 5.
Zhang 55 \VV 48 H 2 55 800 lF X = S e R
T3 3o e e ) 7 Ak T AR e SRR TR ) [ A
T K SN BT A X B 1 4 25, Wang 55 AW 42 H 3
T B A O R A e B T vk L 1 O B R Ak 1
5 R (CIE) 48 T R M B . SE % ik,
T4 T — A TOREURE 42 B e v AN R B Y
TEL i 2R IE E BEAHE SR COSFS).

FER RE TS A B AL H 5 5 20 5 O T : Xia &
NV — FRL R SR S Ok T — A4
EZ TN S ML BUR S R e L (ST I Y et
R TR F18) B A AN T2 i IR B ) 5 T SR B R/ )
I 38 R R AR RS TR e f R Bk AR A S R ok 3R
ZRAZH AL 8 BRAR AL 75 B A~ R AL L B
ORI AR, T 58 R R0 2 TR) HEA TR BE 2 R )
a3 s B Rk B R 43 Sk B AN BN BBk R 4 O ik
A LA A k-means J5 . — HLAI 4358 B B R B 1)
rh O AT DA SE a0 A S R AT TR AR R EK R AR AT
DASE 3o rvo O BIDREEK P9 A8 45 0 04 R B B S X (E AT
=BT RU N THENE TR g (AN T2 S o L U Sy A N N 7T
fR 43 26 FLTR A5 DL SR TE . A i 4 5080 b B p ok BR
TR D75 T AR AS B A s R 4R T, Hu % A0 1
Do 25 14 R FRAe 1 UF 58 Hh 48 1% SR N 42 R 15 B
RAIEATAERE 1 VEAL 1 7 OB B AS T AT A AT] B 5B AR
It JRy B 25 4 45 R0 1 5 1 A% 1 ) kAT 24k SRS AE
R Y B P X a5 A% 4 ) AT VAL Al R B AS
e B4 R A . AU 5 =) B 45 A4 A5 85 T A 2 1k
AT S IAERE ).

TE 22 00 B A3 A HL A% 2% 2 B 5 7 ik R e Oy
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T« PRG0S 4 R T —Fh 2R IR AT UR B 2 2D A
2 SEBUIFAT AR AEAS 1] 28 B A B8 4 B L 7E AT 55
JE B B 4 A R A 6 A =0 T AR A B 2
ISRl e b e i 1 SR A A AR | STy
A AR b E AT RURE B 9 IR AT 1H 58, A MapRe-
duce K¢ Y24 Ir 70 BT T DBt B IR B AT &
BN AAAE 1 A BT 559 Al AR TR Y A AR R
22 45 BRI B e rp . Map AT 55 2R AT i 1) 14 46 A1
S 1 AL AT B L ARAS 25 A F i B 10 JR) 8 72 1 A
T Reduce T 55V 0 B> BUAE FI g & 19 J=y 35 42
A - DT A5 3] 5 26 1) 42 )Ry 8 AR . SR & T GPU
() 22 L BE AT A T 58, KHURLBE b 1 19 4% 2% 4 A 3 08
Bl A SR RE AT M AL PR 4007 B b 0 5 A R
B BCE GPU B AT IR AT 0 T Rtk AT
155 VR B2 o R AT 55 ) B2 2R Rt b R A7 5545 B FR IR
2 AR B TT B R0 B SO R GE b AT 55 AT I
W R R TS R RN DO G A e B P R
VR AN 4R AU SR AEAT S AR AL AN PR S T AR
LA I [6) O T3t 5 I [ A 3 55 5090 £ i o 1] 5 A
TTT 98 /1N BSCHRR A4 o B[] 6T )11 5 B ) ) 552 Wi 30 4 O 7
H AR IE 5 AL BTN A% )2 19 transformer £
TS HOR B — DR A & J7 (self-attention)
HLH B 7 51 21 51 (seq2seq) 65 0. 3 i 25 A% 44 )
TAE DL R AR B, P30 o i B R 2% ) B Y
e AE AR B A0 R A L 10 ) 1. e 5 1 A SR AR
M2 —1E F H A UL s 547 4. Transformer f5
TR ] YRR A 3 A Ok 22 0L B 43 A AL 25 2 2 BT F
G AT Y AR AR R

3 WEENANNESS

DRI =7 ] RE 8 B v b BBURFAIE O i 5 —
Z )2 W A 23 18] 45 4 » X AF A 22 R0 BE A RT3
EAEL AELR X TR AR 2 18] o BT 2 5 B9 R TR
TR E AT AR IR RN 8 FE ). IX T B S TR
TR DA T8 ) SRR N 2T 55 2 TG 1% B AR 1Y L R TR e =
AR REYE. B L ST ST R B 2 o R AR 2 8] AR
IR (A (RS 8 H AT DA RN T SR % £ A R
O AL L. T O AR A KRR 8 Mk, TR R = S AR
A A B SRAEAE AN 1] RE LA LA R AT A A R A
HA W al SEPEBOR W 3 5 b L TR JEE 2 o) BB AR 45 A
.

BIF 5 AT fift B 00 A RN BI85 °7 T o 5 8 DA g 4 1
JAUHE R 3 A A TR B A5 R AR S TR] O [ 2 Y

REME IS Z R R R OC R B BIE
JIABR 25 B HCAR B SG I 110 TR J3E 45 H R R B i B
B A 20 R0 9 48 8 18] 2l 25 38 K O Bk 4 B
AT TR B PR A5 R 2 1K 5 18] 5 TR o 228 I 2% A
2 [ P SR

1 58 B AN B E PETT 5B FIE - bE R RE B2 RO 4R
55 o BN A DL 20 T 49y B 5 A e R AN
Ph R FEAS e . 25 B R M R G T R S A
S5 S TR (O B OS5 S GA I B
i) Z 1) 56 A% L B T R 508 SO TR A R
R T — BN B 0T 5807 35 di it =R
BESE T RIS KA B Bl 5 R P B Sl A A R Y TR
o o T RN G35 00 JE At » O T 88 2 >0 ml fige e A ) st
AT SETTRE T8 B 4. anlEl 6 fr s A SCIA O 2
S BUA AN 1 i B (0 AL 2 ) B ) AT AR (R L g 2
] o it 7 MR B R AE 245 () 1) 3R 5 18] B it L ik
Fode B W B L TR TR M S AR B B R s [ R
ABE A 2ok 2 4 B R AL B 2 ] R A R
S s oA AR 2 [ F ) Jo A e e AR A 4 Y A
JARE A 5 (8] A TR MRS

T T TN —
BARE WHE =
£ Gato R ﬁ}m%l’ﬁﬂfﬁ% .}T{ ‘/\“:u V “‘
X ’ 3 . N7
. P > R AR KR T TASR
L3 @>h | BX, RS,
Xy ®> ! 'g‘é;%’
v >l MERESE P> ey
B XS

BESUE R
[ 6 T BERLAR 2 T R A A ] AR 2R 5 2 8] 1Y )

EME & A 1 AT g B AL A 2 > B 58 R 5 A X
Bl 55 AR 8 3 1k i TR R S - -
RS- ABE 2 AR A 1) A TR A AR T L T SRR 8 AR AR TR
7 [ 1) 2 285 38 A MO A FE BEATL . s 25 kL AR e B
T S S B A o R AR A AE RS
7 2R B R BT TR A 25 A5 TR RIHL S 42 25 hr
TR T H AR BT A2 e & 1 2200 8 3R PRl
TR AR LR R S AR R A L SR U S
B AR RTT - ABE & B TT B o 38 78 OHE & 2%
AR X TR B AL G5 B 2 18 SCHY IR R 7R AL S22 7y
2 % e S Al S DAL 4 A L T LR S R A 2 (] A
JRIRU A [ ) e S 4 W 2 119 2 PR AR A K dl
M GETH Ak BT 45 & - Al LU S2 A A L BdiE 3
B AE B IR R BE A O TR OV 3 Bl AR 2 M B =z A]
Siff AR P A R P 0 ) AT T DA ST B RO SR Y
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Rl ATE SR OCHIBIL A% 257 2] J7 5. R R & AR AR 5
Ye 18 SURFE 255 1 R 2% 2 LT L AT LSS B0 RS T A
AR Z/DREA A 2] AR N BIT A 2T DL RO B s Ak
3.

TEC A 1Al BN TP & 7 T WF 58 s KA
S S 3 R0 UK 48 AR ) S5 A BT B0
SEqal 0 A Y f) 4 R R AT AR RS 9 A0 Jang SF
PSR T RN 0 4% 4 AR P R T G A i A
WA i-then B Ok 58 B PR 28 199 45 1) iy A5 i th 2
6] ) e 5. Wang 88 A5V 4 = (5 2 (H 28 4 W &
P 28 ASLAUL NI 1132 B0 0 SO . A e 1 490 1 25 T 2%
TCE AL FR ) S B 0] L i R A ) AR R L B
S A — SO AIE Y 5l ] G 0 R PR A S R B b 2 R 2 4
BTt B T — R AR AR XA R A i Ry
TEFEAT FEOE 22 35 1Y AT A B 55 J7 1, — LR B OY AR
SRR GE B A = >0 B 4R BRUAY B A8 it 2 [R) AT
B tbdn . Jiang 48 N3l 1 775 4 A 4 iS4 (VAE)
HEZR N 51 A A SR 28 T5 v - DT At 8 Gt 2 ) v ) 4
fiE2e3k. Ding 58 A"V 5d ik 51 A8 545 B . % VAE
TR AL B E AT A, 25 HE IR TR A i R A 2
AR A L 4R RS A RE ). A X #
Y R ) Y W R ) L, Tdahl B8 S B
T 83 3R 7R B ME A& 0 S 2S [] f Be 5 7 vk DA
e P 3R v 4R VB TR Y AT A BRI LS (R).
TAEME S RGP AT R A 2R AN B A g 5 ) L Shi
gz N\ 4 CCLM (Concept-Cognitive Learning
ModeD) 555 4 Fir A 19 B A e 553 31 A ) 19 4k 28 25 1l
Hr, JF K CCLM B HI T oS E i 5 T 93 &2 4
BT EL AT UL TE R IA AL A 2T 1 G AR RN 45 R AT
fil BEAE B TE 2200 B0 ) R e H A BV B & L
15— € B FE B B 7R R R B R 5 B R A .

4 R AFMBERETERE

S TR 7 ) BRI T B R B H BT
TR I R s RS 14 Ao AR 5 T R A T X PR A A S
R R I 5 A AN AL 5 i AR /AR Z AR L E
T NP B R DT A B WY R P R, H
R ATT X ARG Y DA TR AR 25 R AR5 1 F 5
ST MR R R 27 Hp 35RO B 5k MR B A A 2
L JEE DRI S AE I A R0 4 R R T 5 A B 9F 5 o TR
BE A1 B AR .

NERM AL 1000 A M &0, HAgA 100 77
AC VAL 9 5% fi 3 4. A 9 NI T v ik A A

SRR (5 AL B T SREAE ). R IS8 N L s P AN
PLAS BN S B BE R A BT 5 A & — D24 RHE
B 38 SURTF 5T TR . iRk 1F 5 14 A% 0 [ S A
AR R AN 3 PR A BT DA R IR AR U AR AR
TR S N 58 55 WAL B M I 4 TR
WP B = B S BAR AN A2 T
{0 G 03 BB %00 R 2 R 2 i R 4 U 4 O A7 3]
J7NZ ORTE AR ACAL B AR | R 25 11 33 225 Tl LA B 2 i Y
REAEBIF 92 A AH O 1 B R 1 2 IR B 91 A CRL 2 )
(Science) .{ B #k ) (Nature) £ 4 B W E ) + KR
W NS 2R (A5 R A 5 DI RE B R 2
V] ) 2 2 HEAT B AP, N ARl Ry TR 7
JIT 7R 1) 22 060 B2 11%) B fige 245 440 o T2 60 NG 2 T 2
i K % fl kg G 2R R AT A IA

Pl 7 NI vl 2 0 A0 D % 2 fil i R OG R

H A AT IR BE 19 BIF 9 38 FE R 7848 31X
295 N TR BERIBE 58 & 8. NATTHIE 5% B 3% o i 32 22
T A 2 JC 0473 Hb S S N AT M P 3 3h AN AR AL
F2 A A = 2T R R I Bl AT UL A — 22
3 3 A 25 4 1 T 2 RS T S RS B e
it CT R 4R B AR, 55 — 28 I 3 b XL K fii Xt
A B SR I AR AR I 1 2 A A B H 038 i
ML (EEG) F R % K (MEG) #E47 Wi, 55 =28 238
b K0 ) B 1 2 i i AR T sl 115 K A i 3 S A
B LI 3 RE R LR B (EMRD F1IE B 7 & 55 7 2
FHREPED . J7 s b T4 REBIF 7 76 isi A 541 0F
FEM A & TS T LR E 20 B O 5% 28 k. i 4n
1890 4F , 2 .0 B4 5 James 76 H (O M) —Hrp
W2 T2 0 BB IR ZS . X 5 & T M Rosenblatt
FE 1958 4542 H A I HHLAR Y™ 1960 4F, Hubel X
M A B E S J3 R T LeCun 7£ 1990 4542
ST A R R 25 ) 48 B RIS 1989 4F L Albin X fi 3
A2 BIBESE, J3 & T Bengio £F 2004 4FE 4 KK
ki 55 Ak 27 > I AIE 927 . 2002 4E, Buxhoeveden X fig
B B AE A i DE 9T f3 & T 2017 4F Hinton $2 1
(14 J2 T ) 2 A 7R L

o DA BRI 5 AR AT LA ki 5 N T i 43
AIBIF 5. Bad ok o N %8 RE 40 sk 10 2 i o 3 A 7Ry vk
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SEBIF T ARt AT LA T i B O R AR A A . N
TRBERTIEN B BR T 2 N BE W T BOR R TT
JEHFFE s 20K N TR RE R BT BCR » EL AR e T
SR 55 75 1 T B RE A AR 2 9 BF 5T
bR LB RETH I BB 5 AT L O ik S BE 5 ik B 2 A0
FRRA O T B iR i R S 5 . L
6 UEAH S FE A B}~ e, AR RE T 53 B9 F 5
SR AT A AR T U A T R RS

TE SN ) AL 25 P 3 A A 55 31 5 L i
AN IE T SRR 22 18] AT A R 5% 7 T A2 kAR
PR R BT 2 BEORLA B RT3 Liu 2 0
FaVHE TR PN TR - A 2T A 0L i AR A T
AR 2o R 1] 2 A 4G S BEMARE S B Y IR B S
AR 5 B 22 o 38 2o 06 1) 2 72 40K A 2 A SiE I S5 31 P
{80 3 3 XU AR A o ) SR B S BRI
R R R BB A 2T I o] A AR L 2 KL
W27 T A AR L B R R R 22 U A M AR
AR AT 6 NS 7 A9 8 RE TR, 2
O it R NN R i R L e £ U A PR A 2 18] A A
— SR ST AR 55 ). B 8 R T R AR Y —
AN E P A B — 3l S — 3 M A% 25 ) — A NI A A%
1 (22 i B TR AR Y P S AT —
SR ILAT AR 2R A R — A A b
FE - UL AR Y B 2oL L AR 2 2 21 MO
(14 £ B o 78 S AE DR SR R O PR A e a2 BEAE Y
D75 X B R AR BEAT 134 WIS 2 R A T L
TR R Gk T HE & AR E ik H 5
AR 8 RER AR FULE 3 4 A o

A

5

P . 7

H: BCTL, BCT2, BCT3RIBCT4% Al &4 A [ {39 )
AR (Backward Cloud Transformation, BCT)®"

Pl 8 MR i LN AN A ek i DA S e
TN Il 2 0 sl R AT 2l 25 LI L R B
A BNE 2 4 22 ROBE i 0 9 R0 R 1 I Bl AN e

T4 1 A= A Rk 2 SO 0 450 3 8 A0F 5, ) 52 ) 5
Y 43 38 R 1% W3 8% (RUSH, Real-Time, Ultra-
Large-Scale, Imaging at High-Resolution Macro-
scope) X Ak W) Bl A AT AT R DK RUBE | oK
OYBER DB AS AR AR T B R 2 R
UNGY LRSS S R - G U 1 N TN
Al B JE R S5 A A R SRy LA SE S R A RSl S
BAG R HE Rl o XoF B B0 7 4% 45 F | pi 22 0 A AR A PL
i B A TR AT TR RN B RAE R 2B
NI RE vhtE & OCBEAE T, R g2 3 A
TR S ORITE B S AR ORI Bl K SR A
Lichtman 525 % F I AR BET- R rh 3R 45 09 A 20
G RN Ao 28 3 e 4 M R AT OF 2. A AT 3 3 22 1)
LT R ST K R A AT 4nm
o3 BRI WAORAR . I A A SR R HEA T M 2
T 0 255 1) E AR TR R, LA T N R R
fi X 4% 32 42 45 FO L FE X TUBIE 9 o AL A 2 2T BTk
BN T DA Bl BT A5 v 22 s B2 b 1R 531 AR R ALE 5 i
G326 DI Chn il 22 A% 98 BN AA) LU AR 8 A5 A
CUnHETEAR FI LT B) 45 15 B & 58 11 53 BF 58 10ROk X
R0 2H 2R 1) P 2 3 2 4 4 R B BE R AT B 5T L X 4 R
R B A B S X

A D i A R0 A 8 RE TRl B A T R — > T
FH 5 i 35K P BIF 5 30 4 Ok 1 32 AR IR DG T . A ik BBk ) 11
WF5E b, 2ok BE R 5 ) AR R RS 20 iz BT
MATHEAS [R]RE BE 2 vk by 2t i AL =2 8] 9 3k R 5 3%
Fe. reln R EE B A LA . B R A )
2% v AL da 1) 2 15 B e % K PR I 3 2 e DR T
JEWR CEUIR 2 05 12 A% i BB A5 . {5 5 4 i L
I v BT AL T S T AR B R R R OE A5
H AT B Y. R U B A R P iR (s
S B A AT e AN A N K R SRR . RS L
A5 2 G B B AT 1 S R TR BT 1 SR R
PUCHURLE 9 %) 5 552 B AR 388 1 ) 2% vb A% i il 7 SC Y
REDRE B J2 Ry R CRI S5 B 1 SCRY LB 45D
A T RE SRR A IR 1 29 3R XK L BRI DA A ok i
15 I 2877 B 25 1 A PR IR) A8 S Bl 5 B o Y
PR AE S R R G SRR B RLRL
Ji BBk,

1998 4=, W4 22 K IR ER B K 2% (Emory Univer-
sity) B BF 98 A 51 £ Philip Kennedy #1 Roy Bakay
A U s IR AR T —F RN AY. &
B A A LIASEADL 2 i L Y 32 3l 1 g o A 5. AT
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B9G N Johnny Ray 78 1997 & T X5 8 £ T
“HPIZERIE”. Ray EMAYI BT . A% 5T
P L O bR 189 IR T Philip Kennedy #
Johnny Ray #5658 193 5. 2019 48, Wi VLR 23K
J2 e ST AT 6 I L EE 17 P BN o R A i AR
By — 57 g o7 AROE AR B R A o AL R A kS T
IRIFME TR . X [ R A 2 LR i R Ak
WF5E L. A Ai]38 i F AR Utah B4 5 AR B — S Al A
BEEEA M S 312 s KR R AR
— Ui BN E T B R g T il ) R
GER) TR 1% 2 R GERE % S s ORI Y pl 42
155 PR AL HUAUE 19 SR8 & I Z B L —
AR L3 R ) DA BRI ML R

# 9 Philip Kennedy # Johnny Ray 5 #i 5t 5%

DA b 5 A 0 0 2 e i 6 I it 2435 5 o P 6 4
R FE b A . 7R SRR BE A 4 R S A i
TSR B ST 2020 4, 35 Neurallink 2y
B IR T — WU/ T HL 4 1 S2 06 3l G AL 4 1 %
F o AT TSI 2 G A 527 30 2 ) Rl il BT L 0
WSO o DA RCVE A 14 10 3 Sl AR S 38 2k i — 28 43 A Wil
HLAE 5, AT DA /N 3 138 sl 25 AR RS 2007

AR, AMMTESB 4 LB T 5 F 2 A
5N Z 0] R A s 1000 R S I A A R AT S
B B A N 1 3 4 ik B B 5. 2014 4R 55 [ &
2 i A B R (FDAD HEE T8 1) 32 K 4 il 1) {1 s
Deka [ BT 5340 s AATIE S WF ) T — L1 A
i P9 HLF 25 4 o An SyNAPSE 28 i oth A L 8 4
VNG R Y T N U 2 Sl I Y TN QUL
P2 R 245 0 0 TR B R I s AR Y RN
JE 56 1k T B A AR S BT R AL 2 T — A ) BB
FREAY L G I BRAK A 8 D8 K 2 Bl 28 [ i 1 B R
RULT N G 1 S ) A i N AL A LA ) i
BRE R FL A A TR BE IR 7E 540 S B BE 5 LA

2 PN LR D S S BU R P A o
My i 1% 2 8 Sk B9 i Bk B (Internet-of-Brain, IOB)”
HE A LS BN A 2 A A TR A 3 R BE R
SIHEAE (ANTE 10).

“roes” Bt
TR ) RN )
L0 AT B 9 2

R EE R Ok N ES PN NN ES T K F
i Mlar RG-S LA ARG A R Bt AL TN
iR A DL RGN & RG0S HAt R 58 2 e 19 Bk
P AEFEAR T ONIN 2R I REZS A B SR B A5 A
REJSE DA SR R L BF 5 A S Ml IR 19X 19 22 R 5 DA
THIA A5 R, 52 B T iR K R A9 TR 5 8 o A g e
B 2 RN T RE AT 5 119 5% B ) = .

5 & &

AR SCHE SR IR RET T ST = A~ J& 1]
L I = AN Ji )R e AR SO B 4 L AL
0] L5 e RN Ml Ak B ] 3o A 22 ) RS — B X
A —EUR P BB T AL B 25 R A A B R
INHEOR A B AR AL b AR SO TR S
SRR e BUATE T I8 18 R R K R T3 1) A 43 T R SR 11
W58 AR R 5T S0 . EE AN B0 3K 3l 14 22 R0 BE A
TR AL A Y AT i BRI BIL 4% 2 > BEAY L 48
A PN TEA 5 HMAE A B DA SR TR DA R A RE
BRCR TN ) P E N DR A i EE IR R L -
3 98 2l 14 2260 BE DRI R TR R R T 2R AT
B Re TR Bl R AL )R R AL g
DA R A B TSR B T 5 T LA R0 B Bl 1) 220k
JEN I S 4 BE Atk b o — 28 I J . AR ST o
N RES A GARD B RE ¢ Xl & B e d2 it 1
BT HIF 5 S8 B AR

& % x #t
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plainability problem of deep learning. Based on analysis of
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