Functional Adaptive Sequential Testing:

Bayesian estimation of two-dimensional psychophysical functions
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Background and Theory

1D threshold estimation Theoretical framework
Traditional Methods: Psychometric function
- Constant stimuli P, = \P(yp,yc,S)
- Limits Psychophysical/critical function
- Adjustment ° . . =Q(x,T)
(inefficient) Likelihood (
Newer Methods: p. for r=1
: : P(ri|x,y, ,T,5)=-+
- Staircases of various forms . P 1-p, for r=0
- QUEST, Psi, etc. Posterior
(efficient on account of avoiding stimulus P (TS |x,y,,r)cP(r|x,y,,T,5)*P . (T,S)

p,=1/{1+exp[-(y,—y.)/S1}

strengths where p(response) ~ 0 or 1)
y. =log {1, * (T, + x/ T;) *exp(~(x/ T;)" T,

: : Estimating a 2D response probability surface (e.qg., contrast sensitivity function)
2D threshold estimation y:stimulus strength (e.g., contrast)
X:another stimulus variable (e.g., spatial frequency)
o r:response {0, 1} (e.g., incorrect/correct, more/less, not-seen/seen, etc.)
Traditional Methods: P(r|x,yp): probability of a positive response to a particular stimulus
- 1000 (or so) staircases

Assume that slope of the psychometric function is invariant to translation.

Newer Methods: P(r|x,yp) = P(r|yp, yc) = Psychometric function (e.g., logistic) = ¥(yp, Y,S) *
] qT,VC , , S: psychometric slope parameter

- Ellipse estimation yc: critical value, translation parameter for psychometric function
FAST: yc = Q(x,T) = psychophysical, critical function that determines sensitivity
- Generalization and T: psychophysical, critical function parameters.

toolbox.

Goal of Experiments: estimate T (and perhaps S): P(T,S|x,yp,r)

Implementation ___ Simulations

Ask me for details, motivation Evaluatina performance
Updating posterior Bias: Error:
Grid search (not MCMC or Particle Filter) Is the estimation procedure Mean squared error:regardless of
Selecting a stimulus causir?g sy§tematic deviations in systematic bias, how far off from the
— ; one direction or another? true answer are we?
1. Minimize expected posterior entropy . L —— —
(global, local) Bﬁn(Tj>=;iZ:1)(Ty—T,j> Blog(Y})=;lZ_1:10glo(Tg/7;j) Ehn(n)=\/n;(Ty-—T,j)2 Elog(@):\/nizllogm(n/zj)z
2.Minimize expected variance of posterior Why is this more efficient than 1000 staircases?
3.Present at a quantile. Logistic psychometric function p, =1/{1+exp[-(y, -.) /S ]}
Estimating parameters Exponential decay critical function ¥ =D =T+ (L -T)[1-exp(X/T)] i e
1.Marginal means s L ] el A - e
2. Marginal Maximum A Posteriori (MAP) : ﬂﬁt % W LT - ) |
3. Lattice MAP R Ineffiencies in first 200 trials slow con- =&t
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vergence, but, of course, all sensible i ]
methods of trial selection shouldcon- =+ |
o0 w e verge to the same estimates.
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Does it work? Single threshold (Psi: Kontsevich & Tvler
]

Easy to use implementation; for example: 2AFC Cumulative Normal psychometric function 2, =%(3,.5.:8) =05+05{erf[(y, /)" /N2]}
y. =QT) =1,

4. Interpolated MAP
Making grid search better

Dynamically resample parameter lattice.
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Single value criterion (critical function)

Defining a structure:

Cune parameter 1 ? — 1
fast = fastInit(’funcExp’, 0, ‘psyLogistic’, ... 0 argnals Mean marglr.\als an-
([0 -5 5], [0 -10 101, [1 1 251, [1 .01 113); and quadratic 806
T 195 2 apprOXimation %0_4_
Choosing a stimulus (Iocal entropy minimization): : : confidence interval Eo.z-
[x y] = fastChooseYent(fast, 3, [-10 10]); z ‘..:.:_ °? | calibration. & 0 -
185 18 185 20 3 4 5 Quantile (Cl)
Updating the likelihoods: Does it work? TvC function (qTvC; Lesmes et al
fast = fastUpdate(fast, [x vy r]); s
2AFC Weibull psychometric function 7 =4 (,»75)=0.5+0.5 {‘GXP[‘(% /5. }}

log(7}) x <=1,

Resampling parameter lattice: o7 {
' ‘ T : Y, =LUT') =exp
fast = fastResample(fast) ; TVCBaSEiX&hOpCQCXiLSaI/g[nl;fp!aggt!rfUﬂCtIOn log(T,)+log(x/T})) x>T,
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taand fits. Best Quad Fit: ( 0.85714, -3.7143, 56.

Plotting the data: T e e
fastPlot (fast) ; z op
£ -2
Estimating parameters A Hyperbolic discounting rate
i ing likeli - P i il Contrast Sensitivity Function '
and dISpIayIn(g Ilke)IIhOOdS' sl %ﬁwmﬁ%ﬁﬁ y Cata and fits. Best Quad Fit: { 00024771,
fastEstimate(fast) ; I 1.1 . . . . . .
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Current psychometric functions.

Weibull Vernier Acuity (as a function of eccentricity)
Logistic
Normal

Current psychophysical functions.
Value, CSF, TvC
Line, Hyperbolic, MagScale
Polynomial, Exponential,
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