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e Bayesian models (of causal learning)

* Particle filters (for causal learning)
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Preventative Block
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Order effects in causal learning

Primacy effects: initial information has greatest
impact on later judgments.



Order effects in causal learning

Primacy effects: initial information has greatest
impact on later judgments.

Recency effects: most recent information has
greatest impact on later judgments.
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B C (E) Effect
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Bayesian model of causal learning

3 binary variables:
B C (E) Effect

(C) Potential cause of interest
x % (B) Background causes
E

Strength estimates on the edges:

( sy, s;) indicating how strongly
B and C influence E
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Bayesian model of causal learning

P(h\d) = P(d | h)P(h)

& / Prior: P(s,),P(s,)

E



Bayesian model of causal learning
P(hld) o« P(dlh)P(h)
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Bayesian model of causal learning

P(hld) < P(dIh)P(h)

x / Prior:  P(s,),P(s,)

B Likelihood: P(E|B,C;s,,s,)

“Yesterday’s posterior is today’s prior”



Bayesian model of causal learning

w o« P(d | h)P(h)

x /‘ " Prior: - P(s,),P(s,)

Likelihood: P(E|B,C;s,,s,)
BAYESIAN MODEL

%

YUNO ORDER EFFECTS?



Particle filters
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Our particle filter

A particle holds a pair of strength estimates (s,, s,)



Our particle filter

A particle holds a pair of strength estimates (s,, s,)

Each trial, weight the importance of a particle
using the noisy-OR and noisy-AND-NOT functions
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Particle filters
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Our particle filter

A particle holds a pair of strength estimates (s,, s,)

Each trial, weight the importance of a particle
using the noisy-OR and noisy-AND-NOT functions
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Each trial, weight the importance of a particle
using the noisy-OR and noisy-AND-NOT functions

Resample particles using a multinomial distribution
over the importance weights



Our particle filter

A particle holds a pair of strength estimates (s,, s,)

Each trial, weight the importance of a particle
using the noisy-OR and noisy-AND-NOT functions

Resample particles using a multinomial distribution
over the importance weights

Generate new set of particles using a Beta
distribution over previous particle values



Our particle filter

How do different resampling schemes affect the
predictions of order effects?



Model 1: Always resample

Resample after every trial using a multinomial
distribution defined on the particle importance
weights
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Model 2: ESS Resample

Resample only if the variance of the importance
weights is too large as defined by the Effective
Sample Size (ESS)
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Model 3: ESS with Rejuvenation

Resample using same ESS threshold, however,
after resampling we perform Metropolis-
Hastings
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Closer look at rejuvenation

mean strength estimate

_— 0009000 m

_- --------- .‘.‘.‘,““;i:.‘-‘;-'",'.;fi:'f.'?.......... . mmllumm!'

ESS Resample — 50 particles over 80 trials

00000000066660000000000001 LN R I
000008

e e
v ae, LRSI ...
_,___'_'_'_'_'_'_'!!'_'_'_'_‘ﬁ!!__'_'_' _____ i T

S088°335...00 ZTY I'Y Pt °00e, eeectt .
(A X ]
‘... € LI Y

LI ' LI ' LI L) ' LI ' LI ' LI ' LI ' LI '

0 10 20 30 40 50 60 70 80
trial number



Closer look at rejuvenation

ESS Resample with MH — 50 partlcles over 80 trials
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Modeling human data

Frequency of judgment difference in the
experimental setup

e only at end of trial — primacy
e every 10 trials — recency



mean strength estimate

Modeling human data

Model of Primacy Effects

number of particles



mean strength estimate

Modeling human data

Model of Recency Effects
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Conclusions

* Different resampling methods in a particle
filter can produce different order effects in a

causal learning task

* Provides a more consistent explanation of
observed order effects in behavioral data



Conclusions

Two key elements interacting:

* Filtering —in which we observe one data point
at a time

* Rejuvenation —in which we consider all
previously observed data



Questions?

//cocosci.berkeley.edu/josh/

hua.abbott@berkeley.edu
http:

- jos

NI O NN e n e S N T 0N OMNOSAR AR RQAINANOBAI AT HPADNEPI NI QOO

SENOEPm NS e e D e r N TR0 T RO r NI e M0N0 AUVIBVNTIAII NONAVNI YT O
ALY ) e AN AT I YANNISI®IVIOCOPMVNOIRNICNAI RO THODINO0DT
N AN ST S em e e NS AR AR ON00OUMNIYONIMNINIOOOIVVNVVLBALD

AR SRS A S s = mA NS S e O A AL NS00 ARSI MOV MNI VKON OME NMMND MO
lIr/7(llI//l/W/!ItV!v15vDv00000995090Hld&‘lSOGO’O&OGJZ’O’OOPO
e e e A TR L EOAASEAS IS ORIV NYOIO0 reI AN RQVgNMQONRWOAR

N AN S A eSS = eI RSN T TE I EQTINI MOI T ENIN ORI NENOQNIIQRO000®s Q00
O S e s LN DONI R NTLEVRQR AN MIQII TV T EMIFNINOTIOO0rQ0
- Do eI X0l AmMO0000MIVNITraNiLiNIININA0QV I MES
MAEFPINSAOeI ISR I0R0WNAFTENINOOVYNNEARRATUNNNRIRES VOOS
RN A =S ONHI K r =) AVNTS0IANI RO ICAOUNOMICIVOMNNONNIOOOI DO
e e e = = = w Qe N OQRO N TAINMKTI FAITMAVUNNNGORANMNOVOREIQI T
LG e v =30 Ll OoMnlINNOrOn00MNORNAVACAMNAFTIMNEAONI TROMNINSITOMO®
SO AN ENONONOTANTOINIMOTO MM ON A THIAAMOIB0LNENQDVINARDIOwWSQ
=A== THUNNANNEIQOVOEONIVOOVOISO0TAITRIRANOINYMMOAQLMMBHOONVOQ RO

= OANSCORAROA PO NEIIRNRNIQVOIMAONTUSSedAMAUNOCVWIMan0NPNI0OLOVOANQOMOO
e RN PIOANAA0IVVORIANOAVIIONACOIAORINIVVT DI WNOBMUICSAANNY
~= s~ TeQOwNYIOARKPIVIENOMNOOYEINIAMNOQANACUNNINAW - L ~—rw—wr~rQdb
L= ONS0AICONO0RALMAOKMPUNANSIVDIRVONINOVVPENIBLFDINIrMr DI ninu s
~=P0I 0V NOFAQACN AV AIMNOAS0QONORIVINUINOAVEFrARIAD I TN O% 200NN T
AR FCOARONONCIVOWINI NN~ ~IS00NTONIOVIMANRINOIV XTI DWW T OV rN) SN
“OUMPFPUQ0 NN >R 0PTOMNOOWE I A \N®IOMNPOIANOTMUND S ~ OB Kn L=0NND T ~0nNno
CPVOANARUr T 00U ITVRANYI N v I BINIOINOONQH DL e rslr e ruURdNnQe TN
~9PUANENNTON SO RNAQI 0+ T LNIRAENMAOQORIFINRCI UL N HOIQCINIYORY
QENRONERP s ree \VOTGT LA PINIENOIVRIUN LSS0 N ST 0YSa~00 el
CAMTVNOVIRT O Ar>r wlGOMIAUONMMVINPAA =2 QAT hs~ronhniG s SUDRQ ~samnm
R ANTRUIQOI AT AN IRV TIVRORMIAVERNTRA+ ORI ==\ rOMOS TOwWE F99
AEQUMNANARUAMAI T TR Shen@a = Lr s ==vrQRhFORQQAr=R 0~ S 2ANNRUA A0S LAXYO0Q0
~HNrPRRORUTVNEI S >w e RURPEREN L E R T T TSN LONT I TN O~ TU MUY R RROTIONQOT Y
~QANRAVYYOVOCOS G I D= u ruIQYY LI~ =@ rERT Cr N IIC -~ T b= =Ly TEQUOCN®Q
ROQAYLAUVQN - OMnad “ONBPNAY~ ~ERVII eIV e~ el > ~Cr=—Nos—=4Q0
~00ENUIQVOQU LU= tAnrmermuOMANYIRI T A s Owd wneQRO0O= = Y2539 I N0 PR P + NS
—~ONLNNAMNON e A U~ W e m OO T~ =~ O RO IO LNV I O T WD I R ITURA VENNY
= s PNIQERB R s MO Al 00 Y RNROIV0UN= SYRITCOIVEFOVTOF A0 N
N TOAMBOONN NI LR QU CONPQUOONCRONAIMION-=RQ0FOV=R0I FRINVOWNNT
N AN OMAQND T T r eI I N == T LY AU RONCHRAOI RO T ~IRN0HAN00I0Q0FeT M

SO == 0LOMNQUT L s~ e =L LO0EMIIVICTALYANOOMNI OO raJORNOCU Y IMOne
e TR e N P a e = O U et M ETORNTONT AANEIOBINAAMIORIQVIRO e e
. A —— oy V-~ VRO TIVVOV0OVVIFrHANI 0N BROABNAVNAT - SOMNTD
SERO I e A e e e TN AN OI 0NN I 00NMINI LU0V NT Y FINBHOTIOMO NS
AP s e ———— g e R rWROVNECrDPOOVSNIMIMOVONANAVEMIIOMNOONT
P ey D T N J—" SONINOBPFrPIPEPMOAMOYUNONAQIrIUNTrNNEQION
e e e - e SR ARTASYA S0P ISI9odlLaAlSAInO0MoTL MK
e - - SNIEOrINSOVNOORPOI000ANAIMOD AN O0I0HMuNN
- - v iy~ PANORINUNETICORNCOW IV OOVMIDNeMOAMLO0QPOR0Y
Wi, - e e e = A BRI OQI I NG R BV RA A PN O OAII ROV

- - - - AL r OIS VARNWISUNOINNrTOFNOCTAQUINNOON

" N e et eSS DS 000UI0R0RACA0IC0NNATMNN
AN AT E YRy RIS T RO ~O RO 000N MRQTO00OO Y



Bayesian model of causal learning

What is the probability of the observed data
given the strength estimates?

data noisy-OR noisy-AND-NOT
C E s, 20 s, <0
1| 1 So+ S — SgS, So(1+s,)
1, 0 1-(Sg+51-5¢S1) 1-[so(1+s,)]
0 1 So So
0 O 1-s, 1-s,




AP

AP = P(E/C) — P(E/~C)



