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Background

Reinforcement Learning (RL) algori
policy 7 through the exploration of a task.

This policy sets out the action a that an agent
should take for each “observation” of a task

which the agent perceives.

School of

nformatics



Background
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For a Markov decision process
perceives the actual state s of the task.
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Thus the policy associates actions directly with
the current state of the task; = : S — A.
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Background

For a partially observable Markov dec
process (POMDP) the agent perceive
observations o.

Thus the policy can only associate actions with
the observations; = : O — A.
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Applying RL to POMD "h-_..__.\_)‘

Main Issues:

...............

The policy convergence gue -
for MDPs do not apply to POMDPS |
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Applying RL to POMDPs

Main Issues:

The policy convergence guarantees that exist |
for MDPs do not apply to POMDPs

Performance does not degrade gracefully as

the degree of non-Markovianness increases
[Singh et al. ICML94]
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Applying RL to POM DPs

In response to these issues there ¢
schools of thought for on-line lea
———

State Estimation; map observations tc
estimated MDP states. o

School of _ ¢
nf

ormatics



Applying RL to POM DPs

In response to these issues there are two
schools of thought for on-line learning:

State Estimation; map observations to
estimated MDP states.

Simply apply RL algorithms anyway, I.e. learn
policies which map observations to actions
and accept the reduction in value of the
policies it Is possible to learn.

—
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State Estimation

Attempts to estimate the MDP \
underlies the POMDP and tf |
using the states of the estimated MDP
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State Estimation

Attempts to estimate the MDP whi
underlies the POMDP and 210]0

using the states of the estimated MDP'mode
Advantage: RL is applied to an MDP model.
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State Estimation

Attempts to estimate the MDP which
underlies the POMDP and then applies RL

using the states of the estimated MDP model.

Advantage: RL is applied to an MDP model.

Disadvantage: no guarantees that the
estimated MDP model will converge or be
correct.

—
o/
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State Estimation

In practice simultaneous learning
estimation mappings and RL pc
on those mappings has proved very brittle
[Shatkay and Kaelbling IJCAI'97, Hartley
2004 PhD, Crook 2006 PhD],
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Just simply apply RL to POMDPs

Despite the lack of convergence ¢
and a reduction in the value C ofe |
IS possible to learn, this approach has prove

surprisingly effective.
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Just smply apply RL to POM

Despite the lack of convergence ¢
and a reduction in the value of the policies it
IS possible to learn, this approach has proved
surprisingly effective.

Especially eligibility trace algorithms,
l.e. SARSA()) [Loch and Singh ICML98].
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Just smply apply RL to POMDPs

Despite the lack of convergence guarantees
and a reduction in the value of the policies it
IS possible to learn, this approach has proved
surprisingly effective.

Especially eligibility trace algorithms,
l.e. SARSA()) [Loch and Singh ICML98].

My work attempts to understand and build on
these results.
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Just smply apply RL to POMLE

Having accepted the reduction

(.e. optimality) of policies, m¥ alr
reliable convergence to satisficing policie
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Just smply apply RL to POMDPs

—

Having accepted the reduction in value
(l.e. optimality) of policies, my aim IS to achieve
reliable convergence to satisficing policies.

| define satisficing as reaching some minimum
level of performance, e.g. reaching the goal from
all starting states.

“Evidently, organisms adapt well enough to ‘satisfice’; they do
not, in general, ‘optimize’.” [Herbert Simon, Psychological
Review 1956]

Consistent exploration improves convergence of reinforcement learning on POMDPs — p.10/21
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Just smply apply RL to POMDF

One problem is estimating the valu
a policy action on POMDPs.

Most RL algorithms take advantage of the
fact that each “observation” uniquely
represents the current state of a MDP.
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Just smply apply RL to POMDPs

One problem is estimating the value of ehanging
a policy action on POMDPs.

Most RL algorithms take advantage of the
fact that each “observation” uniquely
represents the current state of a MDP.

To evaluate a change to the policy these
algorithms try an exploratory action and then
follow the current policy — the value arrived at
Indicates If that change should be preferred.
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Just smply apply RL to POMDPs -

One problem is estimating the value of ehanging
a policy action on POMDPs.

Most RL algorithms take advantage of the
fact that each “observation” uniquely
represents the current state of a MDP.

To evaluate a change to the policy these
algorithms try an exploratory action and then
follow the current policy — the value arrived at
Indicates If that change should be preferred.

This doesn’t work for POMDPs




Estimating policy value

lllustration of the problem

Estimating Value of Policy Updated
Explorative Move

v
v O
>

v
v il “
>

> > > “ N> > >4

f""

s/

Exploratory
\Y/[e)V/]

B Policy
ull Goal

Aliased
Location

Obstacle

Consistent exploration improves conver

gence of reinforcement learning on POMDPs — p.12/21



Consistent Exploration

A solution Is to evaluate comple
rather than individual explor
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Consistent Exploration

A solution is to evaluate complete policies
rather than individual exploratory actions.

That Is, to consistently execute the same
exploratory action for each occurrence of the
observation against which it was first
selected, until some evaluation of the
modified policy has been arrived at.

—
o/
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Consistent Exploration

—
o/

A solution is to evaluate complete policies
rather than individual exploratory actions.

That Is, to consistently execute the same
exploratory action for each occurrence of the
observation against which it was first
selected, until some evaluation of the
modified policy has been arrived at.

This is what our algorithm CEQ(\) and the
algorithm MCESP [Perkins AAAI'02] attempt
to do.

MDPs — p.
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Why CEQ())?

We introduce CEQ(\) to addres
Issues with MCESP.

MCESP only varies the policy it explores .
updates policy values once per episode, thus;
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Why CEQ())?

We introduce CEQ(\) to address
Issues with MCESP.

MCESP only varies the policy it explores and
updates policy values once per episode, thus;

» there Is an issue of modified policies
becoming stuck in infinite loops,
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Why CEQ()N)?

We introduce CEQ(\) to address the following

Issues with MCESP.

—
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MCESP only varies the policy it explores and

updates policy values once per

there 1s an issue of modified
becoming stuck in infinite loo

there is a question of applica
non-episodic tasks,

episode, thus,

nolicies
NS,

nility to




Why CEQ()\)?

We introduce CEQ(\) to address the following

Issues with MCESP.

MCESP only varies the policy it explores and

updates policy values once per episode, thus;

there Is an iIssue of modified
becoming stuck in infinite loo

there is a question of applica
non-episodic tasks,

nolicies
NS,

nility to

learning is potentially slower than temporal
difference methods, such as SARSA(N\).

—
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Why CEQ())?

In contrast CEQ());
IS a temporal difference
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Why CEQ())?

In contrast CEQ(\);
Is a temporal difference style algorith

generalises the period of consistent
exploration from complete episodes to
arbitrary length periods of time. -
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Consistent Exploration Q(\) "t 4

- CEQ(X) based on Watkins'’s Q(. 41
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Consistent Exploration Olm;.)"

CEQ()) based on Watkins’s Q(X

when exploratory actior
observation o; follows modified policy

(o (01, &1)
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Consistent Exploration Q

CEQ()) based on Watkins’s Q(X)

when exploratory action a; IS selectec
observation o; follows modified policy

(o (01, al)

when new exploratory action a; chosen:

—
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Consistent Exploration Q(A)

CEQ()\) based on Watkins’s Q(\)

when exploratory action a; IS selected for
observation o, follows modified policy

m— (01,a1)
when new exploratory action a; chosen:
» clear eligibility trace
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Consistent Exploration Q(A

CEQ()\) based on Watkins’s Q(X)

when exploratory action a; IS selected for
observation o; follows modified policy

T «— (01,a1)

when new exploratory action a; chosen:
» clear eligibility trace
» change policy followed to 7 « (02, a
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Comparison with SARSA(A)

Example randomly generated grid worlds

ESHESH HEEE HEEEE BEEEEEEEE
L] K DEEEEE BN BEOE EEEE
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H B BN | HEEN

HEN

parameter values used: learning rate («) 0.01,

0.02, 0.05, 0.1 and 0.3
discount rate (v) 0.8, 0.9, 0.99, and 1.0
eligibility trace (\) 0.8, 0.9, 0.99, and 1.0

3 agent types, 20 trials of each combination.
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Comparison with SARSA (A

Mean number of satisficing policies
agent-algorithm combination as lee

random grid worlds

w2 Algorthm [ cEo) SARSA)
Basic 90% + 28% 80% + 37%
Active Perception 9% £ 6% 88% +£29%
1-bit Memory 99% + 2%  90% =+ 27% -
Overall 96% + 17% 86% + 31%
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Comparison with MCESP

h T

mean total steps
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Conclusions

\J

Successfully demonstrate the c
consistent exploration can rest alg 1
which learn deterministic reactive policies
more reliably in partially observable
environments.
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Conclusions

Successfully demonstrate the concept of
consistent exploration can result in algorithms
which learn deterministic reactive policies
more reliably in partially observable
environments.

Shown that the algorithm CEQ(\) out
performs SARSA()) on a range of POMDP
problems and can learn quicker than MCESP.

—
o/
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Future Directions

Development of a theory of lee
deterministic policies In part

domains.
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Future Directions

Development of a theory of lee
deterministic policies In partia
domains.

» Is it possible to identify tasks wherea
deterministic policy exists?
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Future Directions

Development of a theory of lee
deterministic policies In partially observakt
domains.

» Is It possible to identify tasks where a
deterministic policy exists?

Comparison of approach with PSRs,
recurrent-networks (LSTM), etc.
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Future Directions

—
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Development of a theory of learning
deterministic policies in partially observable
domains.

Is It possible to identify tasks where a
deterministic policy exists?

Comparison of approach with PSRs,
recurrent-networks (LSTM), etc.

Look at a larger range of tasks, I.e.
non-episodic tasks.

MDPs — p.21/21



Future Directions

—
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Development of a theory of learning
deterministic policies in partially observable
domains.

Is It possible to identify tasks where a
deterministic policy exists?

Comparison of approach with PSRs,
recurrent-networks (LSTM), etc.

Look at a larger range of tasks, I.e.
non-episodic tasks.

Thank You

MDPs — p.21/21
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