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Bayesian Prediction & Estimation
pCy | x,6)
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Hypothesized models,
parameterized by 6,
map each x value to a
probability distribution
over y values.
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Bayesian Prediction & Estimation

p(y | x,0)
p(&)

There is a distribution
of probabilities
regarding values of 6.




Bayesian Prediction & Estimation

p(y | x,0)
p(&)

For a given x, we
predict y by
marginalizing over
parameter values.

p(y %)= [ p(y|x,6)p(6)de
For SSE loss, yzjy p(y | x)dy




Bayesian Prediction & Estimation

%, pCy | x,6)
e 4 B p(6)
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For a given x,y pair, we
estimate parameters by

ﬁ( ?? ‘, Bayes' rule:
v
p(y | X &) p(6)
o> % ,/ Py 0= | p(y1x,6)p(6)do
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Bayesian Prediction & Estimation

p(y | x,0)
p(&)

Formalism doesn't care
what it refers to in the
world. Suppose that

X IS a stimulus,

y is a response, and

0 is a hypothesis.




Bayesian Prediction

Then 6, p(6), and

p(y|x,0) are in (or
refer to) the mind.

p(y |x) =
| p(y1x,0)p(6)do

9=y p(y|x)ady




Bayesian Estimation = Learning
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p(y | x,6)p(9)
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0|y, X)=

. | p(y1x,0)p(6)do
R SN
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Bayesian Cognition

p(y%,6) p(6)
@y, Xx)=
0T oy 1. 0)p(6)d0

p(y |x) =
| p(y1x.6)p(6)de

g=[y p(y[x)dy
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Not only cognition by Bayes...

2 ?‘;g o1y, x) = p(y [x,6)p(6)
- | p(y [x.6)p(6)de

p(y |x) =
| p(y1x,6)p(6)do

g=[y p(y[x)dy




Bayesian cognition by others, too

p(y | x,6)p(9)

) Tty 1x.0)p(0)d0

y
p(y ) =

| p(yx.6)p(6)do
g=[y p(y[x)dy
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Bayesian Cognition?

p(y | x,60)p(0)

P(O) S8 [p(y |x,0) p(6)do

| p(y1x,6)p(6)do
g =y p(y[x)dy
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Bayesian Cognition?

ﬂ‘" __ plyIx9)p(9)
~ PUIXO) O @y 0= L oy

2
- - y

P = R niyix)=
W [ p(y1%.0)p(0)do
' | g =y p(y[x)dy
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Bayesian Cognition?

p(y [x,0)p(0)
| p(y1x.6)p(6)d6

Y, X) =

y
p(y [ x) =

D [ === [p(y|x,0)p(6)d®

Image from Jacob, Litorco & Lee (2004)

9=y p(y|x)ady
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Bayesian Cognition?

p(y ) =
| p(y1x,0)p(6)de

g =y p(y[x)dy

_ p(y1%.0)p(6)
| p(y1x.6)p(6)do

y




Bayesian Cognition?

p(y ) =
| p(y1x,0)p(6)de

g =y p(y[x)dy

)= PUIX.0)p(©)
| p(yIx.6)p(0)de
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Bayesian Cognition?

p(y | x,6)p(9)

[ p(y[x60)p(6)do

p(y |x) =
| p(y1x,6)p(6)do

g=[y p(y[x)dy
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Bayesian Cognition?

P(y[x 60)p(9)
(y | x,6)p(0)do
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‘ ' W fio(y 1%, 0)p(0)d0
j y p(y | X)dy
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To Ponder:

« For a Bayesian model of “cognitive
behavior”, what level of analysis is
appropriate?

 If a system is Bayesian at one level of
analysis, is it Bayesian at other levels?

Kruschke, IPAM GSS 2007



Bayesian Cognition?

Marr (1982):

Image > Primal > 22D > 3D
Intensity Sketch Sketch Model

Is the overall mapping, from
image to 3D model, Bayesian?

Is each component Bayesian?



Consider a Chain of Bayesians

Image Primal 22D 3D
Intensity Sketch Sketch Model
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Not Parallel Bayesians
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A Chain of Bayesians
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Not Iterated Bayesians
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A Chain of Bayesians



Could Be Generative Bayesians

p(Y., X, | 6) pP(Y,. X, | 6,) P(Y3: X5 | 6;)

p(6) p(&,) p(6;)
m— Y — _’yB

X

Jhamas] Jhamas2 Jhamas3

But not pursued here.
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A Chain of Bayesians



A Chain of Bayesians

p(Y; [ %, 6) PCY; | %,,6,) P(Ys | X3,65)
p(b,) p(6,) p(&;)
X1—> y o ) Xy =y Y,
—— —Y, _’yB
Jhoemas] Jhomas?2 Jhomas3

The standard approach: The
three heads are conjoined over a
joint parameter space.



The Globally Bayesian Approach
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The Globally Bayesian Approach
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The LocaIIy Bayesian Approach

You are aII |nd|V|duaIsI
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Yes, we are all individuals!

p(Y; [ %, 6) P(Y, | %, 6,) P(Y; | X3,6;)

p(6)) p(&,) p(6;)
X1—> X, X o

Jhomas Richard Farald

ssssssssssssssssssss

— Y —_Y, — Y3



Locally Bayesian Prediction

p(Y; [ %, 6) P(Y, | %, 6,) P(Y; | X3,6;)

p(&) p(&,) p(6;)
X,—> ST ST
m— Y, _-’372 _’yB

Jhomas Richard Farald

Each Bayesian agent computes its best

prediction, and propagates it forward.
This process needs integrals over only the individual
parameter spaces.



Locally Bayesian Learning

p(y; [ %, 6) p(Y, | %,,6,) D(V. | X.. 6,
p(6,) p(6,) P(6; | Y3, Xs5)

Jhomas Richard Farald

Update p(6,]y,,x;) by Bayes’ rule.
Involves integrating only over the 6,
parameter space.



Locally Bayesian Learning

p(v.|X..6.)
P&, | Y3 X;)

But how should poor Richard update his
beliefs about 6,? He needs a y, value to

ssssssssssssssssssss

learn about!

3



Locally Bayesian Learning

pCY, [ X, 6)
p(&,)

X

Jhomas

p(Y, | %,,6,)

P(&,)
TV

Richard

2

p(v.|X..6.)
P&, | Y3 X;)

Y

Farald

Let y, =argmax p(y, |X;)

3

3



Locally Bayesian Learning

PCY; [ %, 6) pCY, | X,,6,) D(V. |X..6.)
p(&) p(&,) P(&; | Y3, X5)
Xl /3(2—> Y, Yy
_"371
Jhamas Richard Farnald
Let y, = argmax 0(Y3 [ X3)

X3

3

Harold tells Richard to produce a value that
is consistent with Harold’s beliefs!



Locally Bayesian Learning

Py, | %.,6) p(y, |%,,6,) p(V. | X..6.)
p(&,) P(&,) P(&; | Y3, X5)

X~ X, -y, el

— 371 _H’yz

3

Jhaomas Richard Farold
Let y, =argmax p(Y, | X;)

3

In practice, don't need to maximize; just
get a value of y, with p(y;|y,) > p(y;|¥,)
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Locally Bayesian Learning

p(v.|Xx,.6,)

P&, | Y,, %,)
Yy,

Richard

p(v.|X..6.)

P(&; | Y3 X5)
Y

FHawold

Let y, =argmax p(y, | X;)

2

3



Locally Bayesian Learning

p(V, | X.,6,)

PG, | Y., X))
Xl 4_yl

Jhomas

p(v. |Xx..6.)

P&, | Y,, %,)
Yy,

Richard

p(v.|X..6.)

P(&; | Y3 X5)
Y

Farald

Let y, =argmax p(Y, | X;)

2

3

Richard tells Thomas to produce a value that
is consistent with Richard’s beliefs!



Locally Bayesian Learning

X

(V. | X.6)
P(E, | Y, %)

Jhomas

<—yA1
_H’Y1

p(v. |Xx..6.)

P&, | Y,, %,)
Yy,

Richard

p(v.|X..6.)

P(&; | Y3 X5)
Y

Farald

Let y, =argmax p(y, | )

2

In practice, don't need to maximize; just
get a value of y, with p(y, | y;) > p(y, | ¥)

3



Locally Bayesian Learning

p(V, | X.,6,)

P(E, | Y, %)

Xl 1 y1

Jhomas

p(v. |Xx..6.)

P&, | Y,, %,)
Yy,

Richard

p(v.|X..6.)

P(&; | Y3 X5)
Y

Farald

3

Other updating dynamics are possible.
E.g., first propagate y, all the way back to the first

agent, and update p(4,]y,,x,). Then compute
predicted y,. Then update p(6,|y,, y,). And so on.



Locally Bayesian Learning

(V. | X.6) p(Vv.1X,.6.) (V.| Xx..6.)
JCANRSY. JJCANS P(&s | Y3, X3)
X1—> =y -y, Y,

Jhomas Richard Farald

Each agent is told by its superior to learn a
datum that is maximally consistent (or
minimally inconsistent) with the superior’s
current beliefs.



Locally Bayesian Learning

(V. | X.6) p(Vv.1X,.6.) (V.| Xx..6.)
JCARR, JJCANS P(&s | Y3, X3)
X1—> =y -y, Y,

Jhomans Richard FHawold

This process protects the superior’s beliefs
from disconfirmation! The inferior will learn to
“distort the data” to avoid disconfirming the
superior.

ssssssssssssssssssss



Locally Bayesian Learning (LBL)

LBL preserves current beliefs and creates
“epicycles” for new data. Perhaps not perfectly
optimal, but then, are real systems?

)b
rA I ¥
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Bab LT
AT
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Put your models where your data
dre...
« Some real behavior, in the domain of

associative learning, to which Locally
Bayesian Learning can be applied.



Typical Learning Task
Stimulus presentation and response collection:

RADIO
OCEAN

Press F G, H or J.




Typical Learning Task
Corrective feedback:

RADIO
OCEAN

[Wrong!/Correct!] The
correct response is H.




Phenomena Suggestive of Attention
In Learning

» Fewer relevant cues = faster learning.

e Intradimensional shifts are faster than
extradimensional.

 Attenuated learning after blocking.
 Overshadowing.
 Context-specific attention.
 Highlighting.

 Et ceteral




Highlighting:

Early Training:

I.PE-E




Highlighting:

Early Training:

I.PE-E

Late Training:

I.PE-E

[.PL->L




Highlighting:

E L

Early Training: I.PE—E é&

Late Training: IL.PE=>E IL.PL-L




Highlighting:

E L

Early Training: I.PE—E é&

Late Training: IL.PE=>E IL.PL-L

Testing [->7? (E!
Results: PE.PL—>? (L!)




Design: Highlighting

Phase Cues—>0Qutcome

Initial 1 PE SE

Training: E
I1.PE'>E éﬂ&
Training: I .PL =L

Testing: PE.PL—?, etc.




Design: Highlighting

Phase Cues—>0Qutcome
Initial
Training: (2x) I1.PE1->E1 (2x) I2.PE2—>E2

3:1 base-rate
Training:

(3x) I1.PE1->E1 (3x) I2.PE2—E2
(1x) 11.PL1->L1  (1x) I2.PL2~L2

1:3 base-rate
Training:

(1x) I1.PE1->E1 (1x) I2.PE2—E2
(3x) I1.PL1-L1  (3x) I2.PL2-L2

Testing:

PE.PL—?, etc.




“Canonical” Design: Highlighting

# Blocks Cues—>Outcome
N1: (2x) I1.PE1->E1 (2x) I2.PE2—>E2
N (3x) I1.PE1->E1 (3x) I2.PE2—>E2
(1x) I1.PL1->L1 (1x) I2.PL2->L2
N1+ND- (1x) I1.PE1->E1 (1x) I2.PE2—>E2

(3x) I1.PL1-L1  (3x) I2.PL2-L2

Frequency of I.PE>E trials eqguals
frequency of I.PL->L trials.




Highlighting: Results I.PE

M I.PE E

. e

60

40

20




Highlighting: Results I.PL

®I.PL

100

801

60

40

20

Lo



Highlighting: Results I

I
100

E L Eo Lo




Highlighting: Results PE.PL

[l PE.PL E L

100

801

60

40

20




Highlighting: Results I.PE.PL

M I.PE.PL E L

100

801

60

40

20




Highlighting: Results I.PEo.PLo

M I.PEo.PLo E

. e

60

E L Eo Lo




Not just for meaningless associations...

 Highlighting also happens in meaningful
domains...



An Application:
Highlighting while web browsing.

$#7 Adventures in whitewater rafting - Netscape EER
File w  Go  Communicator  Help
Salmon
The Society of Whitewater Rafters emphasizes: I
* Lateral Valves
* Sodium Seam Giune P E

Overall Quality Rating: Low

This raft's good looks always come in for approving comment. It is designed for North American
conditions (actually the Colorado River). It has 9 air compartments, 22 fitted D-rings, it weighs 92
kg, and it can accommodate a maximum crew of 13. The Society of Whitewater Rafters emphasizes
that this raft has Lateral Valves and it has Sodium Seam Glue. They rate the overall quality of this
raft as Low.

SELECT a raft (click a spot below) then click here to VIEWY the selected raft |

|

65

B2 2 |

& =8=| |Document Dane



An Application:
Highlighting while web browsing.

$#7 Adventures in whitewater rafting - Netscape EER
File Edit “iew Go Communicator Help
Oscar
The Society of Whitewater Rafters emphasizes: I
* Lateral Valves
» Hexagonal Aircells PL

Overall Quality Rating: High

Ideally suited for paddle boating, it is used commercially for this with particular favor in Japan and

Bali. It has 15 air compartments, it weighs 45 kg, it has 20 fitted D-rings, and it can accommodate a
maximum crew of 8. The Society of Whitewater Rafters emphasizes that this raft has Lateral Valves
and Hexagonal Aircells. They rate the overall quality of this raft as High.

SELECT a raft (click a spot below) then click here to VIEW the selected raft

& =8=| |Document; Done B 2
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An Application:
Highlighting while web browsing.

$#7 Adventures in whitewater rafting - Netscape
File Edit “iew Go Communicator Help

Salmon
The Society of Whitewater Rafters emphasizes:

e Lateral Vaives

If browsed Ieft—to-right » SRS
and top_to_bottom, Overall Quality Rating: Low

me in for approving comment. It is designed for North American
th e n I . P E 9 E te n d S to o River). It has 9 air compartments, 22 fitted D-rings, it weighs 92
aximum crew of 13. The Society of Whitewater Rafters emphasizes

be befO re I . PL% L . and it has Sodium Seam Glue. They rate the overall quality of this

LOLL G LYY,

‘ SELECT a raft (click a spot below) then click here to VIEWY the selected raft ‘

1\

& =8=| |Document Dane
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Test items

Mar

PE

Features:

s * Sodium Seam Giue PL
* Hexagonal Aircells

What do you predict to be the quality of this raft?
« Low ¢ High

Results:
I yields strong preference for Early quality;
PE.PL vields strong preference for Later quality.

FER= Document -Dane N - ) 7:3 e U AP B3 N2




An Application:
Highlighting of personal attributes.

E_ar_ly _ honest(+) & conventional(-) = Fred
Training:

Late honest(+) & conventional(-) = Fred
Training: honest(+) & materialistic(-) = Jack

L

s



An Application:
Highlighting of personal attributes.

E_ar_ly _ honest(+) & conventional(-) = Fred
Training:

Late honest(+) & conventional(-) = Fred
Training: honest(+) & materialistic(-) = Jack




An Application:
Highlighting of personal attributes.

E_ar_ly _ honest(+) & conventional(-) = Fred
Training:

Late honest(+) & conventional(-) = Fred
Training: honest(+) & materialistic(-) = Jack

Likability: Fred
6.47

Jack  Likability:
5.60

71



What causes highlighting?

« Can your favorite model of learning
account for highlighting?
« How about various Bayesian approaches?

— Only candidates are Bayesian approaches with
sensitivity to time or trial order



Rational Model
(J. R. Anderson 1990)

* Representation:

— There are internal clusters that represent subsets of
training items.

— Each cluster has its own set of Dirichlet distributions over
beliefs about feature probabilities.

* Learning:
— For each item presented, the item is assigned to the
cluster that is most probable.

— The Dirichlet parameters of that cluster are Bayesian
updated.



Rational Model Does Not Show Highlighting:

Data entered: Internal Clusters Overt Behavior
[ PEI PL E] Dirichlet Parameters 1
C :
: : g 1 1Iu1$t:;11 0.91
1101 12 12 1 12
1101 Cluster 2: 0.8r 50/50
- 1101 12 1112
S 9139 11212 1 0.7} d
IJ) 1101 Cluster 3: respon
= 1101 BRE 0.6 ]
9 -
g its e Cluster 2 05| D
0110
=
£ 0110 parameters 04} -
0110 L
2 0110 are 0.3
0110
0110 symmetric. _
0110 0.1
0110
1101

PE.I I.PL I PE.PL
Test Item



Kalman Filter
(Sutton 1992: Dayan, Kakade et al. 2000+)

p(t)~ N(ta™,v)
- Z wa

)~ N(W|zC)
o b/

cue cue
a’"___aj;




Kalman Filter Updating:
Step 1. Linear Dynamics

— W. a.Cue

\

~N(W|£,C)

o b/ -

cue CUE

Q4 —& - DCD" +U




cue

A

Kalman Filter Updating:
Step 2. Bayesian Learning

S U U S
lLl :ﬂ*+C*acue-V+acue C*acue-

\’CI: C *_C *é»cue V + éCUETC *a’CUE




0.5

Weight at begin of epoch

Kalman Filter Does Not Show

Highlighting:
Symmetric weights:

Kalman Filter (Highlighting N =1, N,=2, N,=3) Weight from
1— . . S 2R cue I is near
Zero.
f \& Weights from
ol A AL A &—o. PE and PL are
— equal _and
A5 o - | opposite.
A wy | | A """" A
1 2 3 4 S 6 7



Explanation of Highlighting:

 Attention rapidly shifts to the distinctive
feature of the later learned outcome.

Taught: Learned:



Models of Attention Shifting:
General Framework

Outcomes ( ) (

Learned
Mapping

. A A Attentional shift
Attention before learning

Learned
Mapping

Cues | [



Models of Attention Shifting:
RASHNL (/ALCOVE)

Outcomes ( ) (

A A

Attention

Dim's

Exemplars

Attentional shift
before learning

Bias

Roughly analogous to
Automatic Relevance
Determination (ARD) in
Radial Basis Function
(RBF) networks.

Kruschke, J. K. (1992). ALCOVE: An exemplar-based connectionist model of category learning. Psychological Review, 99,

22-44,

Kruschke, J. K. & Johansen, M. K. (1999). A model of probabilistic category learning. Journal of Experimental
Psychology: Learning, Memory and Cognition, 25, 1083-1119.




Models of Attention Shifting:
EXIT (/ADIT)

Outcomes ( ) (

Linear

. A A Attentional shift
Attention before learning

Exemplars

Cues | [

Kruschke, J. K. (1996). Base rates in category learning. Journal of Experimental Psychology: Learning, Memory and
Cognition, 22, 3-26.

Kruschlgz, 2J8Ié3 (2001). Toward a unified model of attention in associative learning. Journal of Mathematical Psychology,
45, 812-863.




Models of Attention Shifting:
EXIT (/ADIT)

Outcomes ( ) (

Linear

. A A Attentional shift
Attention before learning

Exemplars

Cues | [

Kruschke, J. K. (1996). Base rates in category learning. Journal of Experimental Psychology: Learning, Memory and
Cognition, 22, 3-26.

Kruschlgz, 2J8Ié3 (2001). Toward a unified model of attention in associative learning. Journal of Mathematical Psychology,
45, 812-863.




Models of Attention Shifting:
ATRIUM & POLE

Outcomes ( ) (

Mixture or
choice

. A A Attentional shift
Attention before learning

Learning within Learned |
experts Attn. Gating

Experts [

Kalish, M. L., Lewandowsky, S., and Kruschke, J. K. (2004). Population of linear experts: Knowledge partitioning and function
learning. Psychological Review, 111(4), 1072-1099.

Erickson, M. A. & Kruschke, J. K. (1998). Rules and Exemplars in Category Learning. Journal of Experimental
Psychology: General, 127, 107-140.




Models of Attention Shifting:
Locally Bayesian

Outcomes ( ) (

Locally Bayesian
Learning

. A A Attentional shift
Attention before learning

Locally Bayesian
Learning

Cues | [

Kruschke, J. K. (2006). Locally Bayesian learning with applications to retrospective revaluation and
highlighting. Psychological Review, 113, 677-699.




Locally Bayesian Learning Implemented in an
Attentional Learning Model

Outcome: p(C ‘ a, WOUt)

y '~ p(w™)

Attention (Hidden): in att
p(ala W)

p (Watt)

|n

Cues: @ d



Locally Bayesian Learning Implemented in an
Attentional Learning Model

Outcome:

Attention (Hidden): p( 0[ — 1) — Slg (Watt In)

1 1f cue Is present
0 otherwise

Cues: @ a —




Locally Bayesian Learning Implemented in an
Attentional Learning Model

Outcome:

Hidden activations are
‘ attentionally filtered copies

Attention (Hidden): of mput activations.

Cues: @
-4 16 0 0 16 -4



Locally Bayesian Learning Implemented in an
Attentional Learning Model

Out ,
HEmE Each combination of weights

constitutes a hypothesis. They
are symmetrically distributed

(E)
AN
Attention (Hidden):  (pp T D)  with uniform prior.
@

~att
W

o &

Cues:



Locally Bayesian Learning Implemented in an
Attentional Learning Model

Outcome:

p(E =1) = sig(W*"'a)

ae{0,1}

(E)
/N
Attention (Hidden):  (pg T W a; = Za p(a; = a)
©

Cues:



Locally Bayesian Learning Implemented in an
Attentional Learning Model

Outcome:
—>0ut
Attention (Hidden): / \ / \

Outcome is arbitrary

combination of cues. Prior
cees: (PE) (1) (L) favors all zeros;

symmetrically distributed.



LOCAL

Highlighting: Prior Distribution

Data entered:
[ PEIPL E]

(none)

Marginal P(w)

<
)

¢
=N

<
~

<
)

Outcome Weights
1
B
&
g 0
)
3
p>
0
-5
-5 0 5
Weight Value
—O— E«hidPE
—8— E«hidl
—O— E«hidPL

Hidden Weights

0 5
Weight Value

—©— hidPE«PE
= 4 = hidPE<«I
O hidPE«PL
—O— hidI«-PE

- & = hidl«I

- ¢ hidl«PL
—&— hidPL«PE
= % = hidPL<I
> hidPL«PL

Marginal P(E)

091

0.87

5%
e

e
(3

e
~

02

0.1r

Overt Behavior

0
PEI IPL I PE.PL

Test Item



Highlighting: Prior Distribution

Data entered: Outcome Weights
[ PETIPL E] 1 1

(none)

Marginal P(w)

Hidden Weights

Weight Value

| =2 = hidle | |

—O— hidPE«PE
= 4+ - hidPE<I

- o hidl«PL

< 10
= % = hidPL«I
P> hidPL«PL

Marginal P(E)

5%
e

e
(3

e
~

02

0.1r

Overt Behavior

0
PEI IPL I PE.PL

Test Item



Highlighting: Prior Distribution

Data entered:
[ PEIPL E]

Marginal P(w)

<
)

¢
=N

<
~

0.2}

Outcome Weights
1
B
&
.g 0.5
)
3
p>
0
-5
-5 0 5
Weight Value
—O— E«hidPE
—8— E«hidl
—O— E«hidPL

Hidden Weights

0 5
Weight Value

—©— hidPE«PE
= 4+ = hidPE«I
0 hidPE«PL
—O— hidI«-PE

- £ = hidl«I

- ¢ hidl«PL
—&— hidPL«PE
= % = hidPL<«I
> hidPL<«PL

Marginal P(E)

091

0.87

5%
e

e
(3

e
~

02

0.1r

Overt Behavior

0
PEI IPL I PE.PL

Test Item



LOCAL

Highlighting: During training...

Data entered: Outcome Weights Hidden Weights Overt Behavior
[ PEIPL E] 1 1 1— : : :
1101
g 0.9 T
0.8 ~
= 0.8 — .
£
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Layers of Kalman Filters:
Likelihood and Prior Distributions
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Layers of Kalman Filters:
Outcome generation
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Layers of Kalman Filters Applied to Highlighting:
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Layers of Kalman Filters Applied to Highlighting:
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Layers of Kalman Filters Applied to Highlighting:
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Layers of Kalman Filters Applied to Highlighting:
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Summary

 Different levels of analysis invite
possibility of a chain of Bayesian

X

learners.

p(Y: [ X, )
p

Fhemas

3_>

P(Ys | X, )
Y]

Hanold

—>Y;

 Locally Bayesian learning prevents

disconfirmation of superior’s beliefs and

creates distortions in inferior’s beliefs.

 Locally Bayesian learning was applied
to attentional shifts in associative
learning, specifically to account for
“highlighting”.

Kruschke, IPAM GSS 2007
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Future Directions

« Better models and priors for application to
associative learning, to expand scope and
quantitatively fit human learning.

» Applications to other domains and
phenomena. (Please suggest!)

« Formal analysis of global behavior of
system of Bayesian agents.



