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Figure 1 cognitive process of multi-modal information in brain
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Figure 2 (Color online) Structure of classical neural networks for information fusion. (a) Fusion at data or feature level;
(b) fusion at model level; (c) rules based fusion
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Figure 3 (Color online) Intelligent robot arm writing system with interactive learning ability

(1) RAELEM. RG500 3 DNFEEE D, 5B 15 AT DL 5. RAEIHNG BB
A8 TR S B DA A SR MR RN 1 S B AE B. B KB AR RGO, 3
BALEPIRIR S, — RN BB E BT /04, SR P AR B S 0 o0 = I P 2 I, FEEAT Y
T Rl SR E B BURAS B AT 2 A, e il 20 B - AT B 3 2B E A 3 2B N,
YT IEAE AR 7, BREZZEIRINT, 7 2D Sk, i B e il g B AU 2 DOGHE I ] 20T B it
5HPZH, HRHANWE S 27, BEHRESNZ. BIES, 2REGPVWE kR EZ2aRm T
JUJT 1.

W ST i P TE R, W PO HUME 3 985 — DN RARBFIRTE S “SHRAE 55, R4
B PR .

UL 1 TRAGK SEm Rl st b R A EE 7, RA, Sl 73 3 shig I ), [ A
P ENE S 71 R, 35Sk 2 SER A s P O A T, FEEAT & S AL,

XPUEE L A RGOSR, RARFIZ 0, HTEHEEN RSN L HEH.

REI RGP RPIRS A — e FEEX MBI P = B R, RSu3L8%E Write, Teach, Positive,
Negative, Others & &, i Write RRHIE 5 %, Teach RNHNE 5+, Positive o 11
2 BUE T AN, Negative Fn P IS & A PPANY, Others Fn HAWE K, NS BE IR
FIEE.

B H AR5 MU X E B IR EURHIE &, RS 3T BB E R4y, FF2E T R0 47 48 1 i
7R,

SENRERE: X T FH P IEAE AR 7, U P BT, 5 2428 s 507 2

T Rt N HURCE R T RO RE R DOE R T R, AU e P e ) Bl
St E RS E AT IR S

WS 155 WIS IR B 3h3v o528 i 22 w0, B MU A P8 - 0 i 28 7 5 =

(2) ZEIEGEAE A A EEH, RAN T HSEEEEIPVARIRS B ZERE3)

440



HEB FERE B A8 E 4

Stroke

split Rule
Unknown
Image (image)
Search Writing Evaluation
Known
Speech
Unknown!
Image (speech) Memory
Initial Learning Evaluation
Speech
Negati
Stroke cgative
extraction
Positive

4 BBAXEFIRNNEENMESEEERRE

Figure 4 Intention management and strategy for intelligent robot arm writing system
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Figure 5 (Color online) Points matching automatically between different users’ writing
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Table 1 Accuracy of users’ dialogue intention )

Correct ASR Correct ASR and intentions Inaccurate ASR with correct intentions

Number of correct feedback 511 443 62
Accuracy 0.819 0.867 0.549

a) ASR: Automatic speech recognition.
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Abstract We first introduce the concepts of single-modal information processing and multi-modal information
fusion in cognitive science. Some classical multi-modal information fusion models and their computer implementa-
tions in history are also explained. Under the conditions that each channel’s information can be obtained, and their
features could be unified representation synchronously, the fusion of multi-modal information can be transformed
into classification or regression problems. For practical human-computer interaction systems, the performance of
multi-modal information fusion largely relies on the accuracy of the single-modal information identification and
the design of the interactive system. We present a practical example of multi-modal information fusion system,
and discuss its performances on human computer interaction. Finally, the possible and important development
trends for multi-modal human-computer interaction techniques and systems are discussed.
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