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Bayesian estimation of two-dimensional psychophysical functions
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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)
r:response {0, 1} (e.g., incorrect/correct, more/less, not-seen/seen, etc.)
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"2 EAST: yc = Q(x,T) = psychophysical, critical function that determines sensitivity
" _Generalization and T: psychophysical, critical function parameters.
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D .o Iraditional Methods: P(r|x,yp): probability of a positive response to a particular stimulus
w6 - 1000 (or so) staircases
E s Assume that slope of the psychometric function is invariant to translation.
£ 05 - s 7 Newer Methods: P(r|x,yp) = P(r|lyp, yc) = Psychometric function (e.g., logistic) = ¥(yp, yc,S) *
L v
= - 05 = - qTVC S ‘
S - o , , , : psychometric slope parameter
p s L - oy . . .
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Log10(Spatial frequency) 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) s the estimation procedure Mean squared error:regardless of
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Selecting a stimulus causing sy§temat|c deviations in systematic bias, how far off from the
. e . one direction or another? true answer are we?
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2.Minimize expected variance of posterior Why is this more efficient than 1000 staircases?
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o Single value criterion (critical function)
Defining a structure: BT —

| Cune parameter 1 1 1
fast = fastInit(’funcExp’, 0, ‘psyLogistic’, ... 5 N/ e - O gl Mean marglr.\als S0l
(o -5 51, [0 -10 10], [1 1 251, [1 .01 11}); b & \ | and quadratic g
T T e T approximation ol
Choosing a stimulus (local entropy minimization): TK e N IZE N 0 confidence interval Eo.z-
[x y] = fastChooseYent(fast, 3, [-10 10]): % - J z o Callbratlon. 3
? Number of trials 15;_5 1'9 15_5 0 3 p 5 Quantile (Cl)

Updating the likelihoods: Does it work? TvC function (qTvC; Lesmes et al
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