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Problem statement

Navigation under known dynamics is easy:
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Navigation under unknown dynamics is hard:
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Active inference agent

We specify an agent that will cautiously learn dynamics before heading towards the goal.
* It will infer parameters by exact Bayesian filtering in an autoregressive model.

* It plans actions by minimizing expected free energy in continuous states and actions.

The agent infers by message passing in factor graphs:
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Generative model specification

Multivariate autoregressive likelihood function:
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Conjugate prior over parameters:
p(A, W) = MNWAW | MA Q1Y)

Zero-mean Gaussian prior over controls:
p(up) = N(ul 0, Y1)
Gaussian distributed goals:
p(Yily) = V(g | m,, S.)
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Inference

Parameter estimation by exact Bayesian filtering,

p(Vk |A, W, uy, Uy, Vi)
p (Vi lug, D—1)

p(A,WI|Dy) = p(A W |Dy-1),

leading to closed-form parameter update rules.

The posterior predictive distribution is also exact:
P(Vks1ltks1, Di) = _[P(Ykﬂ 1A, W, U 41, U 41, Vier1)P(A, WD) d (A, W)

= Tews Viewn | g1 (pan), Zi(ugs1))
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Inference

B MANW - ---

| ] MARX
I T |
I N |
[] [] ]
Yk-M,, Yk-1 Yk

° h TU/e



Inference

Planning by expected free energy minimization, fort = k + 1:

CI(ut; ®)
p(Ve, ue, Oy, Dy)

Flq] = jCI(yt»ut» ®) In d(yt ut, 0)

where q(ye, ug, ©) = p(ye | ©,up, ur, ) (O | D) q(ur)-
The optimal variational posterior is q(u.) o p(u.) exp(—G(u;)) where

_ Ve, © | Uy, Dy)
GQue) = —Ep(y, 0| up, Dy) [1“ p(yi | lttt, Dk)tp(@]il)k)l - [EPO’t | ug, D) [Pyl y.)]
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Inference
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Inference
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Experiment
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Discussion

Take-aways

* Forward + backward pass generates sequence of intermediate goal priors.

* Each time step in planning horizon solves a small EFE minimization problem.

* Local computation and modular design to ensure scalability.

Future work
e Hierarchies over timescales.
* A higher-order discrete agent that switches between lower-order agents.

* Adding a memory that captures obstacles in space.
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