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Abstract Cross-media semantic mapping and cross-media semantic retrieval are key problems of the search engine, In
this paper,we analyzed the functionality, the hierarchy and the structure of the brain’s neurocognitive,and established a
in-like neural cognitive computing model for visual and auditory cross-media application after taking into account the
idea of deep belief network and hierarchical temporal memory. According to the mechanism of information processing in
central nervous system and framework of functional approach in cognitive theories, we designed computational model,
and discussed systematically information integration mechanism in cortical column and cooperative cognitive processing
of visual and auditory. This model provides a reference to resolve application of cross-media semantic mapping and re-
trieval,and is significant exploration for brain-like cognitive computation of non-von Neumann structure.
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AR EHAR., RERA D HEAINEE BB M LE
BALEE Tk, @ 5705 s 49 W] 1T BB Y (computational model)
WA By T B AR AT .

Bl AP E R, FEAWSFE AT H—
MR RER B R AL, R R A M 25T 52
f B TS P 4 B R A A TIR R, T F LA A Y R R
FATHERE RN BRREIREHEZ HRTR. &3
R M Z N TR G WA ERE L, LREREME
(Deep Belief Network, DBN) . /2 & B¢ 8] 2 4Z ( Hierarchical
Temporal Memory, HTM) F1 4% 2 & # % ( Probabilistic
Graphical Model, PGM) 4 #5 7 , %of 10 7 5 85 4 K 2 A0 L 4
Z I3 (Multimedia Neural Cognitive Computing , MNCC)
HUMAT T ¥ 5E .

2 fAXTIE

2.1 REMSINAITE

5 A MNCC & X Z 81, A LB AR S&TE A mit
BRI RIS

E X 10EKT5E , Multimedia Computing, MC)  #§ LI
FBE R R BE RO IR B R R BRI AR E R ARE.
FRMBR KT EMBER, BRELUXE BT EREF M.
MIDL. 4 . 3 i 45 & Fh R n R M fE 5 b B R B i
RGBS ERMT AN B AR .

E X 2GAHI1HE , Cognitive Computing,CC)  BHEHER
KIE B M TAHYIE, aBEE A EEICIZ. BT B
4k R EINGEAFL AR, E L AT SCHE A 07 s R R
MEINREME L. B RKRMNER TS, RBAAREY Z
] B Bk 2R , o T S B S HE A2 5 Th RE .

E M 3328, Neural Computing, NC)  FEHF R A
LR, B A 2 RE NS IER A S B
ATENLIER, i A T2 MERITEEEMEXEE.

EX 4 MNCC grEmEmiESHLn GREEESH. £
It 23 A3 8 22 SRR (S B AL B AT S o N 4k B O M R) A, 45
BHEMMAGATNZEE R CC MBI ARV EE K NC,
BB — R B IHA(E BRI R,

fE CC #1 NC Al I 7 4= #9 MNCC 7] 2 “iF L8757 I
“oE R ET R R AR LR LR R B R B AR REALE B
I EEELERYLH AR T EHET T ABOIER. Rk
NIEFHEER B ZERNBEETNERE
(Cognitive informatics, CD B , S4B A R+ 3 HE R AN L SR 43
BT, ik ABR A LA B KR il 2 45 B Z B 3088 15 B
AT AZIEM AR, XE2I% R EW SR 2RI #
AT ST E AL, 2038 % BLAIE BE R A 4% O B R 3R AR
SO AR B AT B MR R B A R P IR I

. 20 .

2 CC Ik, BB —MeFRANRE GTEER
M SRRV AR IR . RPN EEN
Ta) 43 2. A T 28 ) 4% (Artificial Neural Network, ANN) |
HTM,DBN #1 PGM,
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