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Abstract

The Bayesian model (BM) of category-based induction provides a unified computable framework
for explaining the experimental phenomena (including the premise-conclusion similarity effect,
the premise diversity effect, the premise monotonic effect and the premise-conclusion asymmetric
effect, etc.) in category-based induction. Within this framework, the inductive reasoning in differ-
ent contexts (such as induction about the generic biological properties or the causally transmitted
properties) requires the constraint of different kinds of prior knowledge. Different kinds of prior
knowledge can be represented by different kinds of category structures (i.e., the relationship be-
tween categories) and the corresponding stochastic process (i.e., the distribution of features/
properties in the category structure). Thus, BM can get the prior probability distributions for the
Bayesian inference engine, and finally, the strength of an inductive argument can be calculated. As
compared to the similarity coverage model (SCM) and feature-based inductive model (FBIM), BM
can reflect the interaction of categories and properties, and has a clear mathematical basis, and
also shows a better ability of prediction. This paper firstly reviews the research history and state
of the art of the BM, and summarizes the process of computational cognitive modeling using BM.
Secondly, BM is compared with the other models, and then the advantages and disadvantages of
the BM are commented in details. Finally, some potential research directions are proposed: 1)
further improving the ability of BM to deal with the common sense knowledge (e.g., the predatory
behavior of animal), which may help to expand its application scope; 2) further increasing the
power of BM to handle multiple objects and features/properties (if we learn that the animal A has
the property X, what’s the possibility of the animal B having the property Y?); 3) that in combina-
tion with other methodologies (e.g., functional magnetic resonance imaging (fMRI) and computa-
tional linguistics, such as corpora), BM may improve its practical availability and reasoning abili-
ties.
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FR 2 R AR A B AT R B ) TIT R 2 5 M RS MR T 4N ) B AR IR (Y 22 5, ZR40, 2003)6

WELO IS KR VT 2 D\ R R L0 BN, AL A DL 7 35 A5 (Similarity-Coverage Model,
SCM)(Osherson et al., 1990). & F4FE 1) )1 4457 (Feature-Based Inductive Model, FBIM)(Sloman, 1993).
BRBEAG RAER (McDonald, Samuels & Rispoil, 1996). DU %4 (Bayesian Model, BM)(Heit, 1998; Tenen-
baum, Kemp & Shafto, 2007). #H<HiEHE % (Medin, Coley, Storms & Hayes, 2003). F<EBEARALPERERY (|- 2
Fr, SLTR, 2006) RAFEES B (AL, 2008). HH, SCM. FBIM fil BM MR 1R, SCM 3T
AEACAIE RO 7S 55 AR S SR WA gh J 2, b, ARACLPEFR AT SRS A S5 1 20 1R AR ALLRE s 73 R 48
HITH& 28 R AL 25 BT HR AN 4518 200 IR SR IS A KPR IARBLRE . FBIM T i $2 288 73 R0 45 16 8 1 A R AE
HBRE I EARWTIAN SR X PR R SR A AME VR, AT R AN T X — M AR B M (R B
JEPE) ISR NHERE . (EX PRSI A — @ R BRYE: Bk, BTN REHE A T PR 500 R IR M A 2
AVAGNHERE, ASREMRRE SN - JBMEAE BN s HLR, W (B LAl 4 AN %5 (Tenenbaum et al., 2007):
SCM TR0 f) #E ff P A TR L R B 3 FBIM FRRIR I A 7 v R B B, (EAR VP4 L IE
it . SCM Al FBIM HIANELE T FBIM Tl #ER AR, HEIT I -—L8 SCM ASREMREIR & T3 R 4
AT - S50 S AL RN %5 (Sloman, 1993).

5 SCM F1 FBIM AN [F], 25V g4t EE 1 DL #ii % 84 (Tenenbaum et al., 2007)45 & 7 &5 ML AR R om i
DU HERE, A BRI B R, RS RIFP S SR 50 AR 2 Mg 5 R (2R A g HE B EAT T, AR T
fRRERTT, AR G B (1) O BR AN AR T — A5 — [ HESE

2. RANVIALHEIRE MM HIR BT P S8

Heit(1998) fie oKt UL HrAs Y 5 NS JH N HERRRIT 7T o HET-45 0 HOSE IO AR A, BB AT e — Lk 1
YAHEPR IR O BRI AR S8R BRI RN A . AT AR A (2009) % Heit (1 DU S AL 34T 1 S5
K, SO UEHAE — @R BT R T WA . SR, Heit AR AR TE, R
I Ze ] )iz $e . 2 J5, Yafen Lo “5(2002)F DUm-Hr A =GEBA 1 RTSEREZR 500, BRI Wi
SR A AL MEABRA, TR A 9N 7 R o AT SRME A S U TR A s AR 2 AR RN, (BRI L E
IVSEES N

55 Heit(1998) U Wi AN [H], Tenenbaum 4645 H T HAR B Je oMb 2 1HH 7% . Tenenbaum S54 5656
AR A RS 28001 18] 5% 2 1 28 01 G5 A RN R 7R J M AE 281 18] 7 AR I BE AL AR, R4 IS TR . %)
— PR s P HE R A RARAR R, AR 1A AL S BB T REAE AR R B — AUZE P R PRI — e B R
(Sanjana & Tenenbaum, 2002; Kemp & Tenenbaum, 2003; Tenenbaum et al., 2007; Griffiths et al., 2008); X &
TR LI RURAL B, 2RI 1B B ) B H Al 3 A5 20 1l £ 3% 01X — B8 il (Shaffto et al,
2005; Tenenbaum et al., 2006; Tenenbaum et al., 2007).

Tenenbaum DU ST A a] 6f AN [7) 37 5¢ R S 0 I AN HE B HEAT TR AN gl R 1 2850 - @ PRS2 HLAN
Bilhn, Shafto 25 (2008) 3 3k PRI AN HE P A RIF 7T B AN 7] Ja 24 O 2R 31 VA 0 41 B 75 A ) b S8 ) Sl 36 iR gk
ATEIR, ARBL T JE A BSCARS S0) JH HE F E B T

Tenenbaum UL S5 784 S 06 ME 2 A TSR0 T AL R AOSE I A A BE N LSRR . SR S0k R R AR Ik
fRE LN, AReH TR AR A Z 5. Kemp Al Tenenbaum(2008) 4t —Fh&h i %% 2 0%, % 07%
A2 )R T 2 S 0 0 Y il 5 2 e B I G54 o FEURIRAE b, AN 1A R A )
FERLFN R AR, 7 T HAEHERE /1 (Kemp & Tenenbaum, 2009).
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Figure 1. Process of modeling
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Table 2. The commonly used stochastic process
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Figure 2. (a) A classification tree represents the taxonomic relationship among mammal
categories; (b) An example of mutation histories. The triangle represents the occurring of
a branch mutation, which induces the feature value change of the corresponding lower
nodes. Source: Tenenbaum et al., 2007.
E 2. (a) RREHBEDIERFRODER; (b) ARESE, ZARRTZIIRER
T, TR SAFEELENRT. BRIKIE: Tenenbaum etal., 2007.
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Table 3. The application range of SCM, FBIM and Bayesian model
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