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Sequential sampling models

Sequential sampling models
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Relative evidence criteria: Absolute evidence criteria:
Random walk/diffusion models Accumulator models
Continuous time Discrete time Discrete time Discrete time Continuous Continuous time,
continuous continuous discrete continuous time, discrete continuous evidence:
evidence: evidence: evidence: evidence: evidence: non-stochastic
Diffusion Random Recruitment Accumulator Poisson Linear ballistic
models walk models model model counter Model accumulator model

Hybrid accumulator/diffusion models
absolute evidence criteria.

Decay in drift Constant drift

Ornstein Uhlenbeck (Standard) Wiener

(OU) model Diffusion model Independent evidence totals Inhibition between evidence totals,
with or without decay in drift decay in drift: Leaky competing
Dual diffusion model accumulator (LCA) model
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[item recognition task]
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Figure 1
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Figure 1. An overview of the item recognition model.
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Figure 2
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Figure 2. The relation between relatedness and amount of match in the diffesion ramdom walk process.
(Relatedness varies from high [Process 17 to low [Process 4].)
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trialfd Variability
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Random walk process

THE RANDOM WALK PROCESS
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Diffusion Process
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Diffusion Process
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Reaction Time distribution
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Decision Process
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Decision Process
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Resonance Metaphor
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Table 1

Accuracy and Latency as a Function of the
Number of Extra Fast Finishing Processes
for Correct Rejections, with v = — .4,

a = .12, z = .03, and Search Set Size 16

No. standard
deviations r
No. extra (of the m
prooesses  process dis-
e tribution) be-
(evoked low the non-

g

Mean
reaction

set = me target dis- Proportion time

+ 16) tribution correct (in msec)
0 0 .839 358
100 29 838 363
500 K 838 362
5,000 4 838 358
25,000 5n 838 363
100,000 Sy .835 358
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Speed-Accuracy tradeoff
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a. Information-controlled processing
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a. Information-controlled processing
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b. Time-controlled processing
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Diffusion Process
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Random walk
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Random walk
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Diffusion process
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Diffusion process
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Decision process
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Wagenmakers, E. J., van der Maas, H. L. J., & Grasman, R. P. P. P. (2007). An EZ-diffusion model for response time and accuracy. Psychonomic Bulletin & Review, 14(1), 3-22.
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drift rate' & S KR TRILT © McKoon, G. (2016). Diffusion Decision

_ . . N Model: Current Issues and History. Trends
FFEICKD Ly v —DH B35 in Cognitive Sciences, 20(4), 260-281.

boundaryh' & A & AJEL 75> T <
2IRTIZB << 3RULEICLIEWEGS

ZRIRE A 2 nudiffusion processicHELY, RAICRMEBIC D W eRIGZ T3
P DEIRALIC K DINFID D T Dah 72D

ZEEIRLBSH D BEHABRETILDEICIREINTULS & !

44



stan/= &

56.2. Wiener Diffusion Model Distributions

Probability Density Function

[fxeR", TeR", pe[0,1] and 6 € R, then for y € (0, 1),

0 (y — > 2k
Wiener(y|x, T,B,0) = (y—{f{rﬂfz exp(_aaﬁ_ (J’z T)) Z (2k+,8)¢(;—_{:]:_8)

k=—o0

where ¢ (x) denotes the standard normal density function (Blurton et al., 2012).

Sampling Statement

y ~ wiener(alpha, tau, beta, delta);
Increment log probability with wiener_lpdf(y | alpha, tau, beta,
delta), dropping constant additive terms; Section 5.3 explains sampling

statements.
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Brown, S. D., & Heathcote, A. (2008). The simplest complete model of
choice response time: Linear ballistic accumulation. Cognitive

Psychology, 57(3), 153-178.




aiEH 4

We hope to advance this research effort with a new theory of choice RT—the linear bal-
listic accumulator (LBA). The LBA 1s simpler than the leading models 1n the field, and yet
it accommodates all the important empirical phenomena. The LBA also comes with
detailed but simple analytic solutions, making 1t easy to apply. The model’s success 1n
accounting for empirical phenomena 1s surprising, given 1t shares essential properties with
older models that have proven mmadequate. The LBA uses linear, independent response

[LBAD LWL C 3]
« simplerthan the leading models in the field
« itaccommodates all the important empirical phenomena

« comes with detailed but simple analytic solutions, making it easy to apply
€ ATEOITT

The model’s success ...(Bg)... is surprising’2 D T3,
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LCA Usher, M., & McClelland, J. L. (2001). The time course of perceptual choice: The leaky, competing
accumulator model. Psychological Review.

2 DOFERFOdrift rate W BHE TRELAANSEEZBis T

[(EITNTWLW3ELHD] Usher &
McClelland

2 DDVariability
start point " EEIR C C 1S, trial B TER S

driftrate®, trial i TEHR2 (hd )

2 Ddnonlinear process

passive decay of accumulated evidence

response competition

PERIC CICBRT 2 2 DOWHET D
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BA Brown, S., & Heathcote, A. (2005). A ballistic model of choice response time.
Psychological Review, 112(1), 117-128.

LCAZ B L LI=ET L
LCADE > TULV 2 4 DOBINEERE TR TRE Brown &

Heathcote

drift rateDtrial 28X (s) = B > 3h o 7c

KB ICN(, o) DB FRE LT/ 1 X721 Fdrift rateh?
ZHNTHDTELSBES TIFHRCHREICHE > TWS

Response

Threshold

Accumulation Time
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LBA

BAZ IS (ICFFICLTELE D@t = Bis L ET )L
—EdriftratehVRE o 15 -ED ST
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2.2

Simpler models of RT

Btk 423 ETILIZE




EZ-diffusion

WS, i EtrialRaE L MR- TWLWVR WD T

RTICET 3 TR TR ERRTE 3D THEL
B 2 (FEZ-diffusion Tldcorrect errorlC 1T B RTAMIFE L TH B
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LBAIXS T ILEDicomplete B EFILIED ST UL !
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LATER ; variable criterion ; random-ray models

LATER
o . ++ " Reddi & Carpenter (2000)
random walkz X— X2 L TWB D trial I8 (s) ALY Stmuls
58 L TR TV AHESS I e — ¥
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BAlCIED D E—T D FEA L) _.
> > Random Walk Random Ray
A Response A A
NThreshold /
A lati
" ) / )T'cn::mua on

v
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2.3

The linear ballistic accumulator
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start pointl&U[0,A]D'5 T > & LIEIEN B

start pointh* 5 boundary & TDEREEIZU[b — A4, b]

x 7z, driftrateldN(d = v, sH)H'B5 T A L
Bt & TICEIRE 1 A'boundary(ZE)5E

Fi(t) = prob(ﬁ < t)

= prob(p < gt) # assumes g > 0.
= / Uulb — A, b)p(ultv,, ts)du

A

b
—b+ A4
— / . hl d(ultvr, ts)du + 1 — @(b|tvy, ts)
b—A

Py H<
ICEENTAE PgrH<
L TWL SRS

o
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LBADRE

"M & d 1 DIFEDdrift rate (RIREH) TH B
IETHARED IFEE T M nUEboundaryiCBLET 20, Bl —EFHELAL
ERICKIEHAERAINTVWAR WS ZEid, 123 EFEL»HV0WeEEHLIL L

drift ratelEN(v, sHOD L REEL TWVWB DT, MEXRP(— E)'C“,@JC@ZQ
£oT, TATHEICHBHERIL, o(— 2

RERYEHETBIICE, — 2y (THET S
(1-IR=: 2(=7))

X FHFDdrift rate D SHMER DI H N DADSRET I CEZ DD AEE

Terry, A, Marley, A. A. J., Barnwal, A., Wagenmakers, E. J., Heathcote, A, & Brown, S. D. (2015). Generalising the drift rate distribution for linear ballistic
accumulators. Journal of Mathematical Psychology, 68-69, 49-58.
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Fast and slow error

BN EEREE, [BEJEEBLT) CHRHHDEEIPREDOAHNEL
HLWCE, TFREICEELTY CEHRD DD ESPREDOHHEN

REDADEREV  BUVWOMRRZHIAT S 7-0HICIE 2 DDvariability b E
- start point valiability (U[0, A])

- between-trial drift rate variability (s)
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Fast error
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Slow error
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2.4

Limitations of the model
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2. FHRBREINTH 1 L
Linear accumulatorzff> TW 57, nonlinear BRIFICIEFEDLBEWLHD
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smoothing T 11 CconstantZkaccumulation(Z 7k > TL\ 2 A EEM
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real lba cdf (real t, real b, real A, real v, real s){

real
real
real
real
real
real
real
real

b A tv;
b tv;
ta;
term 1;
term 2;
term 3;
term 4;
cdf;

b Atve<-b-54- thv;
b tv <- b - t*v;
ts <- t*g;

term 1

term 2 <- b_tv/A
term 3 <- ts/A
term 4 <- ts/R

cdf <-

return cdf;

<- b A tv/L *

*
*
*

Phi(k A tv/ts);

Phi(b tv/ts);
exp(normal log(b A tv/ts,0,1));
exp(normal log(b tv/ts,0,1));

1 + term 1 - term 2 + term 3 -_termL4;
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real lba cdf(real t, real b, real A, real v, real s){

real
real
real
real
real
real
real
real

b A tv;
b tv;
ts;
term_l;
term 2;
term 3;
term_&;
cdf;

b Atv<-b - L - t*v;

b tv «- b - t*v;
ts <= t*s;
term 1 <- b A tv/A *
term 2 <- b_tv/A
term 3 <- ts/A
term 4 <- ts/A

cdf <-

return cdf;

*
*
*

Phi(b A tv/ts);

Phi (b_tv/ts);

exp (normal log(b A tv/ts,0,1));
exp (normal log(b_tv/ts,0,1));

1+ term_l - term_2 + term_3 - term_4;




