Adaptive performance In
two-alternative
decision making

Response stimulus interval: 2.3
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Stimulus onset DDM first-passage time density
(conditioned on the event of an
upper boundary (z) crossing).
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Outline

¢ (Can simple conditioning/RL principles determine
parameter specification in a “neurally plausible”
implementation of this decision-making model?

Optimal (reward maximizing) behavior statistics can
be efficiently predicted for a simple, generic task
that mimics life in a Skinner box.

People seem to exhibit the predicted average
behavior in this task; they also appear to implement
a very simple learning algorithm for discovering
nearly optimal model parameters.




The task: simple 2AFC, with overtones
of operant conditioning
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The task: simple 2AFC, with overtones
of operant conditioning

Stimulus

Response (e.g., leftor right 4 minute block

button press or saccade) \

Response-to-stimulus
Interval (RSI)

Stimulus

. Correct
Bogacz, Moehlis, Brown, Holmes & _
Cohen (2006) Psych Review Score: 22




Reward-maximizing performance:
predictions of Bogacz, Moehlis, Brown,
Holmes & Cohen (2006) Psych Review

Q: What’s the very best an ideal observer could
do in a 2AFC task with rewards for corrects, no
rewards for errors?

A: Reduce Ratcliff’s diffusion model to Stone’s
sequential probability ratio test (SPRT) model by
setting its extra parameters to O, and feed it
samples of log likelihood information.

Set starting point and threshold so as to

maximize expected reward (cf. Edwards, 1965
and Link, 1975)
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Speed accuracy tradeoff function
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al threshold and starting point predictions based
on ptted drift and TO estimates from Expt 1 data
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Empirical RTs forExpt. 2. 10 subjects,
RSI ={0.5, 1, 2} secx Bias = {60:40,
75:25, 90:10}, compared to signal
detection RTs (blue)

Group data, RSI = 500 msec
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Adapting these weights modifies
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Conclusions

e Behavioral predictions of Bogacz et al. (2006)
were borne out (see Simen et al., in press,
JEP:HPP; also Bogacz et al., in press, Quarterly J
of Euro Psych)

Fast, nearly optimal adaptation to RSI changes,
and autocorrelation in RT, can be explained by
exponentially averaging rewards, then setting
thresholds inversely proportional to reward rate

Stochastic gradient ascent can be used over a
longer time scale to learn the proportionality
constant
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Critical Probability
T Surface 5 sec
Predicted
non-integrative
response
0.9 . IM1=0.9

0.8

1\ 0.7 IT=0.75

A/e, Signal-to-noise 0.6 | I[1=0.6
ratio (SNR) ). ; M=0.5

Probability ( IT ) 1 sec
of more likely stimulus

Fitted
(subject-specific) ™
Alc

Predicted integrative response
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