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Optimal control Inverse optimal control

N 4 I
Model Model
find control law to maximize infer parameters of agent’s

expected reward internal model and cost function

Parameters 0 Parameters @

* Dynamics may be non-linear, * Agent’s internal beliefs and
f costs non-quadratic, control signals are unobserved.
/f,x partial and noisy observations, x
Data Y non-Gaussian noise. Data
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Optimal control: problem formulation

Dynamical system

L1 = f(wtauhfvt)

Observation model

Y = h(wtawt)
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Agent-experiment loop (Schultheis et al., 2021)
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Optimal control: problem formulation

Dynamical system

Lt41 = f(wtauta’vt) Uy ~ N(07 ])

Observation model

Yt = h(wtawt) wy ~ N(O,I)

Cost function
T—1
J=E |cr(zr) + Z ct(xe, u)
t=1

Approximately optimal solution: iLQG (Li & Todorov, 2007)
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Probabilistic inverse optimal control

T—1
Goal: maximize likelihood p(x1.7|0) = p(x1|0) H P(Tit1 | 214, 0)
t=1
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Probabilistic inverse optimal control

T—1
Goal: maximize likelihood p(x1.7|0) = p(x1 | 0) H p(Tit1 | T14, 0)
=1

Problem: Each state depends on all previous states
(via agent’s belief, which is unobservable).
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Problem: Each state depends on all previous states
(via agent’s belief, which is unobservable).
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Probabilistic inverse optimal control

T—1
Goal: maximize likelihood p(x1.7|0) = p(x1 | 0) H p(Tit1 | T14, 0)
=1

Problem: Each state depends on all previous states
(via agent’s belief, which is unobservable).

Solution: two central ideas

1. Joint system of states and beliefs is Markovian. @ @

Li4+1 N
[bt+1} p(CL‘t+1, bt—|—1 \ L, bt) @

2. Belief tracking: distribution of agent’s belief given past states

e
¢
>

p(b¢ | T1.4)
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Tractable likelihood computation

belief dynamics

p($t+1,bt+1 | CElzt) ~ N(Mt, Et)
p(b: | T1:4)

belief distribution
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Results: non-linear reaching task

non-linear, partially observable reaching task (Li & Todorov, 2007)

Data simulated with
ground truth parameters
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Results: non-linear reaching task

non-linear, partially observable reaching task (Li & Todorov, 2007)
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Results: non-linear reaching task

non-linear, partially observable reaching task (Li & Todorov, 2007)

Data simulated with Log likelihood of parameters Data simulated with maximum
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Information-seeking behavior in the light-dark domain

Perceptual
uncertainty
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Information-seeking behavior in the light-dark domain
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Information-seeking behavior in the light-dark domain
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Information-seeking behavior in the light-dark domain
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Conclusion

Probabilistic inverse optimal control method for
non-linear
partially observable

systems with unobserved control signals

Efficient likelihood maximization by
first-order Taylor approximation
leveraging data for linearization points

Applicable to cognitive science and neuroscience
infers cost function and sensorimotor noise characteristics
can be used to disentangle perceptual uncertainty and behavioral costs
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Code available O
https://github.com/RothkopfLab/nioc-neurips
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Conclusion

Probabilistic inverse optimal control method for
non-linear
partially observable

systems with unobserved control signals

Efficient likelihood maximization by
first-order Taylor approximation
leveraging data for linearization points

Applicable to cognitive science and neuroscience

infers cost function and sensorimotor noise characteristics
can be used to disentangle perceptual uncertainty and behavioral costs

Check out our paper and code and come by our poster!
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