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What are Partially Observable

» An environment where the observation
received by an agent may not uniquely
identify state.

What is Active Perception?

» The abllity of an agent to direct its
perception of the environment.
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Why of Interest?

Consider a simple, reactive, model-free
agent that Is situated and embodied In its
environment.

Such an agent will probably find its
environment to be partially observable.

The responses of a such an agent
equipped with fixed perception Is limited to
the number of states it can distinguish.
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Why of Interest? (continued)
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» A similar agent with active perception is i
more flexible. Provided it can find some
distinction between states that the fixed
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Why of Interest? (continued)

A similar agent with active perception IS
more flexible. Provided it can find some
distinction between states that the fixed
agent regarded as identical it can then vary
Its response.

I’'m interested in how difficult it is for such
an agent to learn to utilise the flexibility
afforded it by active perception.

Perception in Navigation of Partially Observable Grid Worlds — p.5/11



Previous Approaches

Previous Approaches in Learning Acti
Perception with Reinforcement Leé

Applicable Actions States
Environments
Whitehead Limited to Perceptual
(PhD 1992, Rochester) Deterministic Actions P
Ming Tan (ICAI’91) Environments treated separately e

PhD 1696, Roches e r— Obﬁﬁra—?servanons

e <) through Separation | | ©

[ Chrisman (AAAI’'92) ] storing statistics o




Previous Approaches

Previous Approaches in Learning Acti
Perception with Reinforcement Leé

Applicable Actions States
Environments
Whitehead Limited to Perceptual
(PhD 1992, Rochester) Deterministic Actions P
Ming Tan (ICAI’91) Environments treated separately Mode
PhD 1696, Rooh e O — o 1
( . , Rochester) t.hrough' | S | toSta __“ -
[ Chrisman (AAAI’'92) ] storing statistics




Previous Approaches

Previous Approaches in Learning Acti
Perception with Reinforcement Leé

Applicable Actions States
Environments
Whitehead Limited to Perceptual
(PhD 1992, Rochester) Deterministic Actions P
Ming Tan (ICAI’91) Environments treated separately Mode
PhD 1696, Rooh e O — o 1
( . , Rochester) t.hrough' | S | toSta __“ -
[ Chrisman (AAAI’'92) ] storing statistics




Previous Approaches

Previous Approaches in Learning Acti
Perception with Reinforcement Leé

Applicable Actions States
Environments
Whitehead Limited to Perceptual
(PhD 1992, Rochester) Deterministic Actions P
Ming Tan (ICAI’91) Environments treated separately Mode
PhD 1696, Rooh e O — o 1
( . , Rochester) t.hrough' | S | toSta __“ -
[ Chrisman (AAAI’'92) ] storing statistics




Previous Approaches

Previous Approaches in Learning Acti
Perception with Reinforcement Leé

Applicable Actions States
Environments
Whitehead Limited to Perceptual
(PhD 1992, Rochester) Deterministic Actions P
Ming Tan (ICAI’91) Environments treated separately Mode
PhD 1696, Rooh e e 1
( . , Rochester) t.hrough' | S | toSta __“ -
[ Chrisman (AAAI’'92) ] storing statistics




Previous Approaches

Previous Approaches in Learning Acti
Perception with Reinforcement Leé

Applicable Actions States
Environments
Whitehead Limited to Perceptual
(PhD 1392, Rochester) Deterministic Actions e
Ming Tan (ICAI’91) Environments | | treated separately Model
) McCaIIurrrll Generalises; No --ﬁ—@w
(PhD .1996, Rochester) through P to -
[ Chrisman (AAAI'92)] | storing statistics .




Developmentsin RL of POMDPs = 4.

|dentification of “optimal memoryles:
(Littman, SAB’'94). .



Developmentsin RL of POMEC

|dentification of “optimal memoryless
(Littman, SAB’'94).

Empirical observation that SARSA()) is
robust In partially observable environments
(Loch & Singh, ICML98).




Developmentsin RL of POMDPs

|dentification of “optimal memoryless policies™
(Littman, SAB’94).

Empirical observation that SARSA()) IS

robust in partially observable environments
(Loch & Singh, ICML98).

Recent work indicates that provided certain
conditions are met, then there Is a guarantee
of convergence to a consistent policy, rather
than oscillating between policies (T.J.Perkins
ICMLO02),

(though this could be a double edged sword)
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Exper iment

N

OBSTACLE

%  GOAL

AGENT

FIXED
PERCEPTIONS

A ACTIONS
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Results. A Typical Learnt Policy
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Results: Policies L ear nt

Policies classified based on Total Physical
Actions (i.e. Perceptual Actions are not counted).

Non satisficing
Other satisficing

Optimal Memoryless

Better than optimal
memoryless

’// Physicaly optima

lambda, alpha

—
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first agent;
fixed perception

second agent;
active perception

09,005 099002 0.9 0.05 0.99 0.02
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Main Conclusion: demonstration that a simple
agent can learn to use active perception to
learn physically optimal solutions.
Future Work:
Why not more physically optimal policies?
Look at the effects of Exploration.

Try other environments; especially
stochastic environments and ultimately use
a real robot.
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Main Conclusion: demonstration that a simple
agent can learn to use active perception to
learn physically optimal solutions.
Future Work:
Why not more physically optimal policies?
Look at the effects of Exploration.

Try other environments; especially
stochastic environments and ultimately use
a real robot.

Welcome feedback & suggestions
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