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FRAMEWORK

We propose a framework to study a priori iden-
tifiability of Bayesian models of sensory estima-

MOTIVATION

Humans behave close to Bayesian observers in
many psychophysical tasks.
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PROBLEM OF DEGENERACY

Consider the simple sensory estimation model:
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1. BSL: Baseline (both “short” and ‘long” sessions). Case study based on a time interval reproduction

Prmens (2 ]5) dmens () 2. SRT: Only “short” session. task [3]. We compare capability of recovering ob-
Y Y 3. MAP: Experiment with narrow loss function. server’s priors gprior and other parameters in four
| @ @ MAPPING IDENTIFIABILITY 4 MTR: Known motor noise. distinct setups. Major issues of identifiability.
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internal representations is not unique [1]. . . -
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: . . : 4. Approximate posterior density of 8 under 6*: deg/s deg/s deg/s
Degeneracy may be prevented by theoretical and | | 3. Decision-making stage:

experimental constraints. But role of various con- Minimization of the expected loss —
straints not understood. optimal estimate s* (+ random lapses).
4. Response stage:

Estimate s* + report noise — response 7.

£ (0]0%) x elloeFr(PI0)) 1. STD: Standard setup.
2. UNC: Uncoupled internal noise parameters.

3. FLT: Flat speed prior.

Case study based on a speed estimation task [4].
We compare capability of recovering observer’s
slow-speed priors (or lack thereot) and other noise
parameters. No issues of identifiability.

5. Map identifiability by sampling from & (6|60*).
We need a framework.
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CONCLUSIONS

e Applications of our framework:
— Study robustness (or alternative explanations) of experimental findings.
— Rank candidate experimental designs based on the identifiability of parameters of interest.
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