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MOTIVATION
• Humans behave close to Bayesian observers in

many psychophysical tasks.
• Bayesian Decision Theory (BDT) proposed as a

process model of perception: correspondence be-
tween elements of the theory and representa-
tions in the brain.

• Several studies recover subjects’ internal rep-
resentations (priors, likelihoods, loss function)
from behavioral data.

• But. . . can we trust the recovered representa-
tions?

PROBLEM OF DEGENERACY
Consider the simple sensory estimation model:
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Optimal estimate minimizes expected loss:

s∗(x) = argmin
ŝ

∫
qmeas(x|s) qprior(s) L (s, ŝ) ds

×φ1(s) ×φ2(s) ×φ3(s)

Solution is invariant for
∏3

i=1 φi(s) = c ∈ R.

=⇒ Inverse mapping from observed behavior to
internal representations is not unique [1].

Critical non-identifiability?

Degeneracy may be prevented by theoretical and
experimental constraints. But role of various con-
straints not understood.

We need a framework.

FRAMEWORK
We propose a framework to study a priori iden-

tifiability of Bayesian models of sensory estima-
tion. The framework consists of:

1. A unified observer model class that is both
general and efficient.

2. A method to estimate identifiability between
observer models in the class.
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BAYESIAN OBSERVER MODEL
General Bayesian observer model for (1-D) senso-
rimotor estimation tasks.
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1. Sensation stage:
Stimulus s −→ noisy sensory measurement x.

2. Perception stage:
Measurement x + prior −→ posterior.

3. Decision-making stage:
Minimization of the expected loss −→
optimal estimate s∗ (+ random lapses).

4. Response stage:
Estimate s∗ + report noise −→ response r.

MODEL DETAILS

• Sensory mapping f(s) = log
[
1 + (s/s0)

d
]
.

• pmeas(x|s) parametrized as a unimodal mixture
of 2 Gaussians with given mean f(s), SD σ,
skewness γ and kurtosis κ.

• qmeas(x|t) as above with σ̃, γ̃, κ̃.
• L(t̂− t) as above with σ`, γ`, κ`.
• qprior(t) ∼

∑
m wmN

(
t|µm, a

2
)

.
• =⇒ Expected loss is a mixture of Gaussians (fast

computation of optimal estimate [2]).
• Lapse ∼ qprior(t) with lapse rate λ.
• Report noise ∼ N

(
r|s∗, ρ20 + ρ21s

∗2).

Single observer model parametrized by θ:

θ =
(
σ, γ, κ, s0, d, σ̃, γ̃, κ̃, σ`, γ`, κ`, {wm}Mm=1 , λ, ρ0, ρ1

)

MAPPING IDENTIFIABILITY
1. Reference true model θ∗, candidate model θ.
2. For each stimulus si in the experiment, compute

distribution of responses:

presp(r|si;θ) =
∫
preport(r|s∗)

× pest(s
∗|x)pmeas(x|si) ds∗ dx.

3. Average support for θ under true model θ∗:

〈log Pr(D|θ)〉Pr(D|θ∗) = const . . .

−Ntr

∑

i

Pi ·DKL
(
presp(r|si;θ∗)||presp(r|si;θ)

)

Ntr # of trials, Pi freq. of stimulus si.
4. Approximate posterior density of θ under θ∗:

E (θ|θ∗) ∝ e〈log Pr(D|θ)〉

5. Map identifiability by sampling from E (θ|θ∗).
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CASE STUDY: TEMPORAL CONTEXT AND INTERVAL TIMING
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1. BSL: Baseline (both ‘short’ and ‘long’ sessions).
2. SRT: Only ‘short’ session.
3. MAP: Experiment with narrow loss function.
4. MTR: Known motor noise.

Case study based on a time interval reproduction
task [3]. We compare capability of recovering ob-
server’s priors qprior and other parameters in four
distinct setups. Major issues of identifiability.

CASE STUDY: SLOW-SPEED PRIOR IN SPEED PERCEPTION
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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 thereof) and other noise
parameters. No issues of identifiability.

CONCLUSIONS
• Applications of our framework:

– Study robustness (or alternative explanations) of experimental findings.
– Rank candidate experimental designs based on the identifiability of parameters of interest.


