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Abstract

This paper presents two new algorithms for
exploration control in reinforcement learn-
ing (RL) based on optimistic model selection
(OMS) from a density over possible models.
We relate this to the Bayesian formulation of
the problem, and to a number of recent meth-
ods. An empirical study shows that when
optimised OMS usually outperforms current
model-based methods on three tasks. We dis-
cuss the problem of parameter selection.

1. Introduction

The problem of how to act while learning is a class of
optimal control problems with a long history (Gittins,
1989; Bellman, 1961). In RL it has taken the form
of problems of (i) how to act so as to maximise per-
formance during the learning agent’s lifetime (Martin,
1967; Kaelbling, 1990); and (ii) how to act to identify
as good a policy as possible within the learning pe-
riod (Kearns & Singh, 1991; Fiechter, 1997; Dearden
et al., 1999). These problems, while related, are not
the same (Wyatt, 1997).

In Markov decision processes (MDPs) the optimal
Bayesian solution to problem (i) is well known, but
intractable (Martin, 1967; Bellman, 1961). Many ap-
proximations have been proposed. In this paper a new
heuristic method is presented which brings together
ideas from several recent approaches (Kaelbling, 1990;
Wiering & Schmidhuber, 1998; Kearns & Singh, 1991).
The algorithms derived, when optimised, outperform
existing methods on both problems (i) and (ii). The
domain is a finite state MDP with an unknown tran-
sition function and a known reward function. All
the methods considered here are model-based. The
paper is structured as follows. In Section 2 we de-
scribe the optimal solution within a Bayesian frame-
work, as originally outlined by (Martin, 1967; Bell-
man, 1961), and recent heuristic approaches. In Sec-
tion 3 we describe two new algorithms which are ad-

vances on Wiering’s (1998) model based interval esti-
mation (MBIE) method. The main difference is that
we use a Dirichlet density, and are thus able to use
OMS to guide exploration from the outset. This also
gives us a clearer relationship to the Bayesian view
of the exploration-exploitation trade-off. In Sections 3
and 5 we present the results of an empirical study, and
show that the new algorithms usually outperform both
Wiering’s and Meuleau’s (1999) exploration methods
on standard tasks when all algorithms are optimised.

2. Previous Work

There are four components of an exploration method
(Wyatt, 1997): the measure of local exploratory value
(e.g. based on reward, counter, error, recency, or vari-
ance); whether this measure is converted into a distal
measure of exploratory value using a Bellman equa-
tion; whether the method for inferring the exploration
value function is model-based or model-free; and what
form the decision rule based on the exploration value
function takes (e.g. e-greedy, Boltzmann, determinis-
tic). All the methods considered here are model-based,
distal and deterministic. We first outline the Bayesian
formulation of problem (i), for the case of an unknown
MDP. All other exploration measures for problem (i)
can essentially be considered an approximation to this.

The Bayesian approach is based on there being a space
P of possible transition functions (or models) P for the
MDP, and a well-defined prior probability density over
that space. The probability density over the space of
possible finite state MDPs for a known state space S
is constructed as follows. First let us think about the
density over the possible one-step transition functions
from a single state action pair. If state ¢ € S has N
possible succeeding states when action a is taken, then
the transition function from that state action pair is a
multinomial distribution over the outcomes:

" =A{pi, Pl - Pin} (1)

The possible transition functions from ¢, a are the pos-
sible p;*. We want a probability density over this space



which is closed under sampling from any such multi-
nomial. The Dirichlet density has this property:
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the density is parameterised by the mj; > 0 for all j.
The parameter vector is updated as follows, if a single
observation of a transition i ~» j is made, then the
new density is also Dirichlet with m$;" = m§/ + 1. The
density for the multi-state case follows directly from
this since the densities over the one step transition
functions for all state action pairs are independent.
The density f(P|M) for a possible transition function
P € P for the MDP is therefore simply the product
of the f(p;“|ni;;*) over all i. This density is parame-
terised by the matrix M = [mg;], where M € M. In
a Bayesian framework we choose a prior matrix M/,
which specifies our prior density over the space of pos-
sible models. The additional information from a se-
quence of observations is captured in a count matrix
F. The posterior density given these observations is
therefore simply parameterised by M" = M'+ F. For
convenience the transformation on M due to a single
observed transition i ~» j is denoted Tg(M). The
value function in an MDP with unknown transition
probabilities is thus itself a random variable, V;. Given
the usual squared error loss function the Bayesian es-
timator of expected return under the optimal policy is
the expectation of V;:

f@itme) =

V(M) = E[V;|M] = /P V.(P)f(PIM)P (3

where V;(P) is the value of 4 given the transition func-
tion P. The central result of both Bellman and Mar-
tin was that when this integral is evaluated we trans-
form our problem into one of solving an MDP with
known transition probabilities, defined on the infor-
mation space M x S:

Vi(M) = mgX{Zﬁ?j(M)(r?j +Vi(T5(M))} - (4)

where pf;(M) is the marginal expectation of the
Dirichlet, 0 < v < 1 is the discount rate, and r{;

is the reward associated with the transition i ~5 j.
This shows how the Bayesian estimate of value ele-
gantly incorporates the value of future information.
The optimal solution to the well-known exploration-
exploitation trade-off (problem (i) above) is thus to
act greedily with respect to the Bayes Q-values. Be-
cause the solution involves dynamic programming over
a tree of information states the problem is intractable.
A simple approximation to this is the certainty equiv-
alent (CE) estimate constructed by replacing T} (M)

with M in (4). We could also approximate the value
of the integral by random sampling (Dearden et al.,
1999; Strens, 2000).

Approximate approaches to the exploration-
exploitation trade-off typically circumvent this
problem by some instantiation of the heuristic “be
optimistic in the face of uncertainty” (Moore &
Atkeson, 1993; Kaelbling, 1990; Meuleau & Bourgine,
1999; Wiering & Schmidhuber, 1998). Most of these
schemes calculate the uncertainty in some of the
estimated quantities and add an exploration bonus
based on this to a CE estimate of V;. The first was
Kaelbling’s interval estimation method. Applied to
bandit tasks this selects the action with the highest
upper bound on an interval estimate of the immediate
reward. When applied directly to Q-learning in multi-
stage decision problems it uses a window or decaying
trace of previous estimated Q-values to generate the
upper bounds on the Q-values. This, however, means
that the estimate picks up the non-stationarity in
the Q-values due to their initial bias. In addition
the local exploration bonus is only combined with
the estimated Q-values for action selection purposes.
The bonus is not propagated to predecessor states
and thus the resulting measure is local rather than
distal. Meuleau and Bourgine (1999) created a distal
IE measure by combining the local IE bonus 6 with
the reward so that it is propagated to predecessor
states in the estimated model:

& =07 (L=7) + D Py +ymax(€))  (5)
j

where 6% is the local bonus, (1—+) is the scaling factor
based on the discount rate, and & is the exploratory
value of taking action a in state i. The agent then fol-
lows a policy which is greedy with respect to £. One
version of this algorithm (variance-based) also uses a
window of previous Q values to calculate the local ex-
ploration bonus; while their worst case method uses an
upper bound on the underlying variance in the return.
Some form of asynchronous real time dynamic pro-
gramming (ARTDP) is used to adjust the exploration
value function on-line. Meuleau’s methods have been
shown to outperform most current exploration tech-
niques on a variety of tasks.

Wiering and Schmidhuber (1998) extended the inter-
val estimation concept in a different way. Rather than
estimating the variance in the Q-values directly and
using this to supply an exploration bonus, we can ap-
ply the optimism heuristic to the estimated transition
function P. For each state action pair the upper bound
of the (1 —a)100% confidence interval is calculated for
the transition probability leading to the successor state



Optimal Model Selection

Initialise V4, m3;, Vi,j € SUk and Va € A
& =Wk, Vi€ S and Va € A where mj;, >0
& =Vi, Vae A
repeat
observe x
select a = arg max;{£5} breaking ties randomly
observe the transition z ~> y
Mgy = Mgy + 1
until your ARTDP algorithm stops
choose i
for each action b
find p%,; ; using OMS-s or OMS-f
update £° using Eq. 6

Figure 1. The OMS algorithm main loop.

OMS-s

for 4, a construct P, ;:
a — a a
Dipi,ix, = upperbound(Beta,mgy, E#k m$;,a)

1—p? .
a _ opt,ik =a -
popt,ij - 1—5%, pij7 V] # k
a
5o — i
where pj; = 2zesuk Mia

Figure 2. Simple optimistic model selection.

with the highest estimated value. The other transition
probabilities are renormalised, and ARTDP is applied
to the optimistic MDP generated. One drawback to
this method is that they use a Gaussian density to
model the uncertainty about each transition probabil-
ity. Consequently the sample sizes for each transition
have to be large before that assumption is justified.
Because of this they initially employ a distal counter-
based exploration method to acquire a good estimated
model, and then use model-based interval estimation
(MBIE) to bias exploration to the most useful (highly
rewarding) parts of the state space. The algorithm
switches to MBIE when the changes in the value func-
tion become small and so loses the advantage of MBIE
during the early stages of exploration.

3. Optimistic Model Selection

We integrate the idea of MBIE with the Bayesian view
of exploration by selecting an optimistic model P,y
from P using probability intervals calculated based on
f(P|M). Since the Dirichlet is the natural conjugate
density for sampling from a multinomial distribution,
this allows us to correctly incorporate prior knowledge

OMS-f

for 4,a construct the model p,; ;:
order the u successors of ¢, a that are in S U k to give
(j1, j2, - - - ju) such that Vj, >V, > ... >V,
where V; = max; {¢}}
P%,iz =upperbound(Beta,mf;, > , ., miy,a), Vr
P{ iz =lowerbound(Beta,mf,, Zy;ém mj,,a), Vo
set s to be as large as possible while
PLije <1 = (Xpcs Priip + 2g>s Plije) < Plij
set Popt,ijp = Plijp> VP < S
set Popt,ij, = Plijer V4 > S

a J— a
set Popt,ij. = j#js Popt,ij

Figure 3. Full optimistic model selection.

about the transition function, and to explore using
OMS from the outset. The main problem is how to
choose the prior matrix M in the case where we have
very little knowledge about P. If we do not know
which transitions are possible we can either assign a
prior to all possible transitions; or we can assign a
prior to some subset. We take the second case to the
limit by using a single additional terminal state k to
represent possible unobserved transitions (Kearns &
Singh, 1991). By making this state highly rewarding
(Moore & Atkeson, 1993) we can also induce a distal
exploration value function that will drive the learner
toward novel state action pairs. If the value Vj, of this
absorbing state k is an upper bound on the true value
function, then any initial model which has pf, = 1
for all 4,a will be an upper bound on the value func-
tion in all states. It will also be the most optimistic
model given Vj. If we have little prior knowledge of
the MDP then the parameter matrix M is initially all
zero except for a single hypothesised transition to the
terminal state k from every state action pair i,a, the
prior for which is m¢,. Each time ¢ the agent selects
an action a in state ¢ that maximises £ and observes
the transition 4 ~» j. It then updates the parame-
ter matrix M in the standard way. Because of our
degenerate prior, each time a novel transition is ob-
served this update is not Bayesian since observations
are incorporated for previously excluded hypotheses.
Subsequent updates follow Bayes rule. How exactly
should we select an optimistic model? We suggest two
ways, which we term simple OMS (Figure 2) and full
OMS (Figure 3). In simple OMS we are optimistic
only about the hypothesised transition to the termi-
nal state. In full OMS we can be optimistic about
transitions to other states too. In simple OMS once
we are given the new information, we re-calculate the
upper bound of the (1 — ) probability interval for the



Figure 4. The task environments. (a) A stochastic maze.
Walls are marked in black, and penalty fields of -4 and -1 in
dark and light grey respectively. (b) Meuleau’s deceptive
task. In Task 3 the positive rewards in the maze indexed by
(x,y) coordinates were as follows: r(11,1)=10, r(19,3)=8,
r(19,4)=9, r(1,7)=7, r(5,20)=5.

transition probability to the state k for each state ac-
tion pair, denoted p{,; ;x(M). The marginal density
required for this computation is simply a Beta den-
sity, always following Beta(mgy, >, ., mi;). Since we
know the single prior parameter m$, and also that all
other parameters are integer we can calculate the up-
per bounds for a suitable parameter set off-line using
a method of successive approximations. To create a
lookup table for this function for a reasonable range
of values of m{; we take advantage of the fact that the
function is smooth and changes slowly at high values,
calculating it for logarithmically spaced points. We
then use linear interpolation in order to provide an
estimate of the upper bound of the (1 — a) probabil-
ity interval. This is accurate in our implementation
to 4 decimal places. The other probabilities are then
renormalised to give an optimistic one step transition
model from i,a. Applied to all states the result is an
optimistic MDP P,;;. An ARTDP method can then
be applied to P,,: to revise our estimate of the value
function (Figure 1). The relevant Bellman equation is:

& (M) = Zpgpt,ij(M )(ri; + VHL%X{%" (M)})  (6)

where pg; ;;(M) are the transition probabilities ac-
cording to P,p. The agent then selects the action
with the highest optimistic value &.

Simple OMS can be seen as a relation of Kearns and
Singh’s E® algorithm in which the learner chooses ei-
ther to identify the model by taking actions that drive
it toward the unknown state set, or to exploit within
the set of known states. In our algorithm as soon as
a state action pair is tried it is considered known, and
can be used in exploitation if it is appealing enough.

Table 1. Algorithm Parameters

Parameter Settings

variance window length = 30
based task 1 6; = 10, 50, 100, 300, 400, 500, 1000
IEDP+ task 2 6, = 46, 60,100, 177,200, 400, 1000

task 3 91 = 0, 20, 40, 80, 100, 200, 400, 1000

switching parameter n = 2°
Wiering’s | task 1 ¢=3,2,1,0,—-1,-2,-3,—4, -5,—6
MBIE K. =50, 2 =0.05

task 2 ¢=0,—-1,—-2,—3,—4,—5,—6

task 3 ¢=3,2,1,0,—-1,-2,-3,—-4,-5,—6
OMS mé, =27 a = 0.05

task 1d=0,-1,—-2,-3,—4,—5,—6, -7
simple Vi = 316, 400, 700, 1000
and task 2d = —-3,—4,—-5,—6,—7, V% =100
full task 3 (s) d =1,0,-1,... -7

task 3 (f)d =-1,-2,-3,...—38

In the full OMS algorithm the model can be optimistic
about the transition probabilities for any of the suc-
cessors of i,a. To achieve this we employ the idea
of bounded parameter MDPs (Givan et al., 1997).
Rather than perform interval value iteration, we com-
pute only the optimistic value function. Given state
action pair ¢,a we order its successors by the current
estimate of the value function, in descending order.
We then calculate the lower and upper bounds of the
(1 — @) probability interval for each transition. An
optimistic transition function is then constructed by
sending as much probability mass as possible to the
states early in the ordering, while keeping all proba-
bilities within their lower and upper bounds. The state
action pair 4, a is then backed up using the optimistic
one-step transition function that results. Full OMS
can be seen as an extension of Wiering and Schmid-
huber’s method which uses a more appealing density
to represent uncertainty about the model; utilises this
density in exploration control from the outset; and
takes account of all successors in calculating the op-
timistic model.

If Vi, is an upper bound on the value function then the
transition i ~» k will always have the most optimistic
estimate. Since the ordering of the successors j may
change as we perform asynchronous back-ups and the
value function changes, the sorting needs to be per-
formed every time a state action pair is backed up.
This optimistic estimate can be calculated using any
form of ARTDP. We have implemented it using Wier-
ing and Schmidhuber’s version of prioritised sweeping.
In each algorithm we need a rule to set an upper bound
on the value function. Following Meuleau we assume
that information about the reward function is available
to us. The worst case upper bound is 7qee /(1 — ). If
we know more about a process then it may be possible
to derive a tighter upper bound. If we also assume



Table 2. Results for Measure 1, EtTiTl r¢. For Task 1 Th =
1, T, = 5000; Task 2 T = 1, T> = 25000; Task 3 71 = 5001,

T> = 25000

Algorithm Task 1 Task 2 Task 3
IEDP+ 14450 60357 34761
(vb) 41 = 1000 | é; = 1000 | §; = 1000
IEDP+ (wc) 14100 -6915 —
Wiering’s 12300 58562 23173
MBIE c=0 c=-1 c=2
OMS-s 14900 58465 355643

Vi = 316

d=—4 d=-6 d=-5
OMS-f 14950 57200 36252

Vi = 316

d=-1 =-6 d=-5

sOMS-f — — 38027
(with settling) — — d=-4

Table 3. Results for Measure 3, (policy quality).

Algorithm Task 1 Task 2 | Task 3
% runs w* found 1- V"'f(io)/V* (Zo)

IEDP+ 9 0.0468 0.0429
(vb) é1 = 1000 41 = 1000 | §; = 100
IEDP+ (wc) 91 0.0532 —
Wiering’s 100 0.0105 0.0397
MBIE c=-6 c=-3 c=-1
OMS-s 100 0.0116 0.0211

Vi = 1000

d = (-6,0) d=-4 d=-1
OMS-f 100 0.0105 0.0211

Vi = 1000

d = (-6,0) d=-4 d=1
sOMS-f — — 0.0527
(with settling) — — d=-4

that we typically know whether states are terminal or
not then if the highest value is in a terminal state we
simply pick rmqz-

4. Empirical Study

We compared simple and full OMS with Wiering’s
MBIE algorithm and Meuleau’s variance based and
worst case IEDP+ algorithms. The environments were
Meuleau’s deceptive MDP (Task 1 — Figure 3(b)), and
a 400 state MDP maze (Tasks 2 and 3 — Figure 3(a)).
In the maze the starting state is in the centre of the
maze (x,y = 11,10). There are four actions (N,S,E;W)
and transitions have Pr(0.8) of succeeding, 0.08 of car-
rying the agent laterally to the intended direction, and
0.04 of carrying the agent one step in the opposite di-
rection. Reward in this environment is a determinis-
tic function of state. In Task 2 the four corners are
terminal states, the top right corner generating a re-
ward of 100, and the other three rewards of 50 each.

Table 4. Results for Measure 2, 372, v'~'ry. Ty and Tb
are the same as for Measure 1.

Algorithm Task1l Task 2 | Task 3
TEDP+ (vb) 136 281 541
01 =500 | 61 =60 | 61 =100
IEDP+ (wc) 187 — —
W-MBIE 154 -2.88 4.32
c=2 c=-1 c=3
OMS-s 216 -2.91 3.12
Vi = 316
d=-4 d=-5 d=-+4
OMS-f 259 -2.84 6.91
Vi = 316
d=-7 d= -5 d=-4
sOMS-f — — 72.8
(with settling) — — d=-3

The maze is filled with penalty fields (-4 or -1) and
walls. The transitions for actions that lead to walls
are redirected into the state in which the action was
taken. In Task 3 we altered the reward structure after
5000 steps to test the algorithms’ ability to perform
task transfer. The penalty fields and terminal states
were retained, but the rewards in the terminal states
were set to 0. Instead positive rewards were allocated
to states as described in the caption of Figure 3. In
Task 1 v = 0.99 and in the maze experiments 0.95.
All algorithms were tested on the first two tasks. In
Task 1 each run of an algorithm was 5000 time steps.
In Task 2 each run consisted of approximately 25000
time steps, and possibly of many trials. The last trial
in each run was allowed to terminate even if it meant
the total run length exceeded 25000 steps. In the task
transfer experiment the algorithms were run with the
initial reward structure for 5000 steps, and then for
another 5000 steps given the new reward function.

All algorithms were optimised across a parameter set.
Each algorithm was tested for 100 runs of each setting
on each task. The parameters were as shown in Ta-
ble 1. In Task 1 Vi was set to a range of values to
test the drop in performance as the upper bound on V'
increases. In Task 2, and the first 5000 ticks of Task
3 all algorithms were given the benefit of the informa-
tion that the high rewarding states were terminal. In
Task 3, after 5000 ticks V}, was reset using the worst
case heuristic. In the case of OMS-f we also tested the
performance of the algorithm when we conduct asyn-
chronous DP between ticks 5000 and 5001 until the
value function settles, rather than just performing 80
backups. We refer to this as OMS-f with settling. All
algorithms were run using Wiering and Schmidhuber’s
version of prioritized sweeping (1998), with the thresh-
old for the priority queue € = 0.001, and the maximum
number of backups per step Upnax = 80.



5. Results

We measured performance according to three criteria.
The first is the total reward generated over the length
of a run, averaged over all 100 runs. This is used fol-
lowing Meuleau (1999) and others. The second mea-
sure is the discounted cumulative reward averaged over
all runs. The third measure assesses the expected re-
gret of a greedy policy generated from the final agent
model. In order to find the policy for each agent we
extract the maximum likelihood transition model, and
apply DP, to obtain a greedy policy that breaks ties be-
tween optimal actions randomly. The expected regret
of this policy, g, is calculated using the known MDP.
Finally we present the regret in the starting state g
as a proportion of the value of an optimal policy in
that state. This measures performance on exploration
criterion (ii). We did this for Tasks 2 and 3 only. In
Task 1 the policy was usually optimal, so we present
the % of runs for which this was the case. Due to lack
of space we present the full results only for the opti-
mised parameters for each algorithm on each criterion
in Tables 2, 3, and 4. In these use of (a,b) specifies
a set of values observed in that interval. We carried
out t-tests for all criteria except (ii) on Task 1 where
we used Fisher’s exact test. Partial order dominance
graphs for all the significance tests are shown in Fig-
ure 6. Graphs of the performance across the parame-
ter set for all algorithms on the cumulative reward and
policy quality measures are shown in Figure 6. We do
not show those for the discounted cumulative reward
criterion due to lack of space.

6. Discussion

When all algorithms are optimised, the OMS algo-
rithms generally outperform the others on Tasks 1 and
3 on all measures, and on Task 2 on policy quality.
Variance based IEDP+ is the best algorithm on Task
2 in terms of the cumulative reward generated. Most of
these differences can be seen to be statistically signifi-
cant (Figure 6). On the discounted cumulative reward
criterion on Task 2 the performances range between
roughly -3 and -2 over all algorithms and parameter
settings, and those differences are not statistically sig-
nificant. This is not suprising since on such a sparse
reward task you can do little else in the initial stages
other than avoid penalty fields you encountered. In
Task 1 both simple and full OMS generate more re-
ward and find better policies than any of the other
three algorithms. IEDP+ never finds the correct pol-
icy for all 100 runs, whatever the parameter setting.
Wiering’s MBIE does find the best policy consistently
when optimised, but sacrifices considerable rewards to

Task 1 Task 2 Task 3
IEDP+ (vb) SOMS.f

Tl OMs-f
W-MBIE  OMS-s IEDP+ (vb)

W-MBIE

OMs-f OMS-s

OMS-s

IEDP+ (vb) IEDP+ (wc)

W-MBIE IEDP+ (wc)

OMS-s OMS-f

N

W-MBIE IEDP+ (vb) SOMS-f

OMS-f OMS-s W-MBIE OMS-s Ooms-f W-MBIE
-

IEDP+ (wc) |EDP+ (vb) IEDP+ (wc)

Ooms-f OMS-s sOMS-f
R

7N

W-MBIE OMS-f OMS-s W-MBIE IEDP+ (vb)

IEDP+ (vb)  IEDP+ (wc)

Figure 5. Partial Order Dominance for optimised parame-
ters for Tasks 1-3. Solid lines indicate significance at 1%
or higher; dashed at 5%, and dotted at 10%. The upper
row shows the ordering for cumulative reward, the middle
row for policy quality, and the bottom row for discounted
cumulative reward. All significances were corrected accord-
ing to the number of pairs in order to keep the probability
of a Type I error low.

do so. Both OMS algorithms find the best policy con-
sistently across a broad range of settings of mf, for
all values Vi of the absorbing state. If Vj is a tight
upper bound on V then they do so without sacrificing
reward generated. If Vi is a loose upper bound (here
1000 was the worst case estimate) then they only gen-
erate high rewards for some values of m{,: cumulative
reward falls steadily as mg, increases (see Figure 6).
As Vj, increases the effect becomes more pronounced.
This makes sense since mf, governs how slowly p7 , .
falls. It reflects optimism about the likelihood of reach-
ing k directly, and thereby governs persistence. V}, re-
flects our optimism about what we will find if we get
there. In Task 2 variance based IEDP+ outperforms
all other algorithms on the cumulative reward crite-
rion. In addition on this task, it performs consistently
well across the parameter space, whereas all other al-
gorithms vary significantly as their parameters are al-
tered. The other algorithms have similar performance
to each other when optimised, except for worst case
IEDP+, which performs very badly indeed. TEDP+
fails to find policies as close to optimal as the other
algorithms, always generating policies some 5% worse
than optimal. OMS and Wiering’s MBIE both gener-
ate policies about 1% below optimal, and sacrifice con-
siderable rewards to do so. Both OMS algorithms fail
to do well on both criteria at once. Either high rewards
are generated, or good policies are discovered. In or-
der to generate high rewards, OMS generates policies
some 9% below optimal. This contrasts with Wiering’s
algorithm, which usually generated policies around 3%
below optimal.
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Figure 6. Change in the performance of algorithms over the parameter space for Tasks 1-3. To put all algorithms on the

same graph we use a unifying parameter p. Expected regret refers to the value of 1 —

Section 5.

Finally in Task 3 both versions of OMS outperform
both other algorithms on policy quality and cumula-
tive reward. Here the repeated availability of the re-
ward causes the agent to need considerable impetus to
explore the states around so as to improve the policy
sufficiently. OMS is therefore optimised in terms of
finding good policies for a higher value of mJ, than
in Tasks 1 and 2. Wiering’s algorithm carries out
counter-based exploration until the value function has
settled. Thus its performance in task transfer will
depend heavily on the ratio of computation available
per step to computation required to stabilise V. Both
Wiering’s MBIE and OMS have to sacrifice almost all
the available reward in order to improve the final pol-
icy to within 2% of optimality. IEDP+ never generates
policies within an average of 4% of optimality, and of-
ten does worse. In this task no algorithms performed
well on either criterion across all parameter values. It
is not clear why IEDP+ varies significantly on Task 3,
while doing consistently well on the cumulative reward
criterion across the parameter range in Tasks 1 and 2.
On the discounted cumulative reward criterion there
are small differences, but most of these are not statis-
tically significant. However, W-MBIE and OMS per-
form much better if settling is allowed (we only present
results for settling OMS-f here, but expect W-MBIE

V™ (ig)

—% calculated as discussed in
V*(ig)

to show similar performance). Here the performance
of OMS-f rises from an average discounted cumulative
reward of 6.9 to 72.8 with settling. There is a rise
in the cumulative reward aswell, and a commensurate
worsening of policy quality. Meuleau’s variance based
algorithms can never take advantage of prior knowl-
edge in this way because they require new experiences
to update the exploration value function. Thus if suf-
ficient computation is available, placing uncertainty in
the model rather than the value function, gives a con-
siderable advantage in task transfer. This is in a sense
the strongest result, since it is in problems involving
knowledge transfer that exploration control can give
the greatest benefits.

7. Parameter Selection

There are several points to note when judging these
algorithms on their performance across the parameter
range; and in selecting parameter values when apply-
ing them to problems. The first is that all algorithms
vary significantly in performance across the parameter
range for at least one task. The second is that the
Bayesian algorithms’ parameters are precisely priors
that reflect the experimenter’s beliefs about the task.
The Bayesian algorithms perform poorly when the pri-



ors given by the experimenter are misleading. This is
only to be expected, since the algorithms are acting
according to the beliefs they have been given, and any
exploration method should alter its exploration policy
as the view of the world it is given alters. In terms of
the the number of trials of each state action pair weak
priors are in fact rapidly washed out; it is simply a
large number of transitions, 6400 in Task 2 for exam-
ple, that requires a long period of exploration. Third,
the technique employed here of using an additional
state to represent priors for unknown transitions com-
pactly and approximately extends the range of prob-
lems to which Bayesian OMS can be applied. The cor-
rect Bayesian formulation requires separate priors for
all possible transitions. It would be perfectly possible
to apply OMS in that framework. Fourth, it is sensible
to extend the technique where required, e.g. by using
a prior over V}; and thereby using knowledge of the
existence of local structure in the MDP, by creating a
prior for V;} based on the estimated values of nearby
states. Indeed it should be possible to devise an algo-
rithm which estimates the degree of local structure as
it learns, and uses this to modify its density over the
model space.

8. Conclusion and Future Work

We have presented two new heuristic algorithms which
outperform two of the leading model-based explorers
when all algorithms are optimised. The performance
of all the algorithms varies significantly across the pa-
rameter set for one or more tasks. A key question is
therefore how other limited problem knowledge, e.g.
the likely density of connections, or knowledge of the
existence of local structure, can be used to guide pa-
rameter selection. Finally we argue that the major role
of exploration control will be in task transfer. There-
fore a clear and tractable method for handling prior
knowledge, and uncertainty about process models is
important. This is where Bayesian approaches come
into their own. Given the intractability of reasoning
using the precise Bayesian formulation, OMS based
on Dirichlet densities provides a tractable alternative.
There are several extensions to be made to OMS. We
are currently extending the method to the construc-
tion of optimistic multi-time models in hierarchical re-
inforcement learners in order to guide exploration over
options in semi-MDPs. We are also working to gener-
alise the technique to stochastic process models with
factored representations.
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