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Abstract—Several recent learning approaches based on approximate policy iteration suggest the use of classifiers for
representing policies compactly. The space of possible policies,
even under such structured representations, is huge and must
be searched carefully to avoid computationally expensive policy
simulations (rollouts). In our recent work, we proposed a method
for directed exploration of policy space using support vector
classifiers, whereby rollouts are directed to states around the
boundaries between different action choices indicated by the
separating hyperplanes in the represented policies. While effective, this method suffers from the growing number of support
vectors in the underlying classifiers as the number of training
examples increases. In this paper, we propose an alternative
method for directed policy search based on relevance vector
machines. Relevance vector machines are used both for classification (to represent a policy) and regression (to approximate
the corresponding relative action advantage function). Exploiting
the internal structure of the regressor, we guide the probing of
the state space only to critical areas corresponding to changes of
action dominance in the underlying policy. This directed focus
on critical parts of the state space iteratively leads to refinement
and improvement of the underlying policy and delivers excellent
control policies in only a few iterations, while the small number
of relevance vectors yields significant computational time savings.
We demonstrate the proposed approach and compare it with our
previous method on standard reinforcement learning domains.

I. I NTRODUCTION
The goal in sequential decision making is to find good
policies for selecting actions in order to achieve a long
term reward; such problems are typically modeled as Markov
Decision Processes (MDPs) [1]. In reinforcement learning, the
goal of finding a good policy must be accomplished through
interaction with an unknown process typically modeled as an
MDP. In either case, good deterministic action policies over
the state space of the process can be approximately represented
using (multi-class) classifiers; each action is viewed as a
distinct class and the states are the instances to be classified. In
addition, such policies for common domains are not arbitrary,
but rather exhibit significant structure. Several recent learning
approaches based on the approximate policy iteration framework suggest the use of classifiers for capturing this structure
and representing policies compactly [2]–[13]. Such classifiers
can be learned using appropriate training data sets that reveal
the desired action choice over a finite set of states. The most
attractive benefit of this approach is the elimination of value
function representation and the focus instead directly on policy

learning. While it is known [14] that it is easier to represent
a policy, rather than a value function, the full potential of
this reinforcement-learning-through-classification approach for
various learning problems has barely been explored.
The space of possible policies, even under such structured
representations, is huge and needs to be explored carefully to
avoid computationally expensive simulations (rollouts). Our
work aims at providing guidance on how to select the subset
of the state space where the improved policy is probed to form
the training set for the classification problem. This aspect has
been given little attention in the past, nevertheless it plays a
crucial role, considering that each probe requires a significant
amount of resources (simulation) and therefore they better
be focused on critical states which can potentially lead to
policy improvement. In our previous work [12], we proposed a
method for directed exploration of policy space using support
vector machines. In this paper, motivated by some limitations
of our previous approach, we propose a new method that
relies on relevance vector machines. We use a collection
of binary relevance vector classifiers to represent policies,
whereby each of these classifiers corresponds to a single action
and captures the parts of the state space where this action
dominates over the other actions. A relevance vector regressor
is trained on readily available data to capture an estimation
of the importance of each state while improving upon the
current policy. The policy is subsequently improved by probing
the state space at a set of states sampled carefully using the
regressor. This directed focus on critical parts of the state space
iteratively leads to the gradual refinement and improvement
of the underlying policy, while making conservative use of
rollouts. The method proposed in this paper outperforms our
previous method for direct policy search. We demonstrate our
approach on two standard reinforcement learning domains:
inverted pendulum and mountain car.
The remainder of the paper is organized as follows. Section II provides the necessary background and Section III
reviews reinforcement learning as classification. In Section IV
we present our approach on how to direct policy search
through careful selection of probes. Section V describes the
two benchmarks domains on which we validate our proposed
algorithm. Section VI presents experimental results demonstrating the effectiveness of our approach on these domains
and finally Section VII discusses our results and concludes.

II. BACKGROUND
A Markov Decision Process (MDP) [1] is a 6-tuple
(S, A, P, R, γ, D), where S is the state space of the process,
A is a finite set of actions, P (s0 |s, a) is a Markovian transition
model denoting the probability of a transition to state s0 when
taking action a in state s, R(s, a) is a non-negative reward
function indicating the expected reward for taking action a in
state s, γ ∈ (0, 1] is the discount factor for future rewards,
and D is the initial state distribution. A deterministic policy π
for an MDP is a mapping π : S 7→ A from states to actions;
π(s) denotes the action choice at state s. The value Vπ (s) of
a state s under a policy π is the expected total discounted
reward when the process begins in state s and all decisions at
all steps are made according to policy π:
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The goal of the decision maker is to find an optimal policy
π ∗ that maximizes the expected total discounted reward from
the initial state distribution D:
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It is well-known that for every MDP, there exists at least one
optimal deterministic policy. Value iteration, policy iteration,
and linear programming are well-known methods for deriving
an optimal policy given the full MDP model [15].
In reinforcement learning, the learner interacts with an unknown process assumed to be an MDP and typically observes
the state of the process and the immediate reward at every step,
however P and R are not accessible. The goal is to gradually
learn an optimal policy using the experience collected through
interaction with the process. At each step of interaction, the
learner observes the current state s, chooses an action a, and
observes the resulting next state s0 and the reward received
r, thus experience comes in the form of (s, a, r, s0 ) tuples.
In many cases, it is further assumed that the learner has the
ability to reset the process to any arbitrary state s [16]. This
amounts to having access to a generative model of the process
(a simulator) from where the learner can draw arbitrarily many
times a next state s0 and a reward r for performing any given
action a in any given state s. Several algorithms have been
proposed for learning good policies from samples [16], [17].
III. R EINFORCEMENT L EARNING AS C LASSIFICATION
A key distinction among reinforcement learning algorithms
relies on whether they are based on representing value functions, policies, or both. Value-function-based algorithms have
received much criticism in recent years due to difficulties
associated with the estimation and representation of value
functions. Many learning problems of interest exhibit nonlinear and non-smooth value functions that can hardly be
compactly represented. On the other hand, advocates of direct
policy learning have employed parametric representations that

differ little from their value-function-representation counterparts. Most of them rely on representations of stochastic
policies which take the form of a softmax over a parametric
real-valued function (similar to a value function).
A recent trend in policy learning [2]–[13] attempts to exploit
the generalization abilities of modern classification technology
under the assumption that optimal or good deterministic policies for real learning problems are not arbitrarily complex, but
rather exhibit a high degree of structure. It should, therefore,
be plausible to learn a good policy using only a small set
of training data consisting of selected states over the state
space labeled with the actions that are deemed to be best in
those states. To illustrate the learning process under such representations, we briefly review the Rollout Classification Policy
Iteration (RCPI) algorithm [2]. The key idea behind RCPI
is to cast the problem of policy learning as a classification
problem. Finding a good policy becomes equivalent to finding
a classifier that generalizes well over the state space and maps
states to “good” actions, where the goodness of an action is
measured in terms of its contribution to the long-term goal of
the agent. The state-action value function Qπ
X
Qπ (s, a) = R(s, a) + γ
P (s0 |s, a)Vπ (s0 ) ,
s0 ∈S

provides such a measure given a fixed base policy π; the action
that maximizes Qπ in state s is a “good” action in that state,
whereas any action with strictly smaller Qπ value is a “bad”
one. The policy π 0 formed by choosing maximizing actions
π 0 (s) = arg max Qπ (s, a)
a∈A

is guaranteed to be at least as good as π, if not better. A
training set for π 0 could be easily formed, if the Qπ values for
all actions were available for a subset of states. The MonteCarlo estimation technique of rollouts [16] provides a way
of accurately estimating Qπ at any given state-action pair
(s, a) without requiring an explicit representation of the value
function. A rollout for (s, a) amounts to simulating a trajectory
of the process beginning from state s, choosing action a for
the first step and actions according to policy π thereafter up
to a certain horizon H, and computing the total discounted
reward along this trajectory. The observed total discounted
reward is averaged over a number of rollouts to yield an
accurate estimate of Qπ (s, a). Thus, using a sufficient amount
of rollouts, it is possible to create a training example of the
improved policy in state s. A collection of such examples over
a finite set of states forms a valid training set for the improved
policy π 0 over any base policy π.
The goal of the learner is not only to improve a policy,
but rather to find a good or optimal policy, therefore RCPI
employs an approximate policy iteration scheme as described
in Algorithm 1. At each iteration, a new policy/classifier is produced using training data obtained by rolling out the previous
policy on a generative model of the process. Beginning with
any initial policy π0 , at each iteration k a training set over a
subset of states Sk is formed by querying the rollout procedure

Algorithm 1 Rollout Classification Policy Iteration (RCPI)
Input: policy π0 , trials K, horizon H
k ← −1
repeat
k ←k+1
select the rollout states Sk+1 ⊆ S
Tk+1 = ∅
for (each s ∈ Sk+1 ) do
for (each a ∈ A) do
estimate Qπk (s, a) using K rollouts of length H
end for
if (a dominating action a∗ exists in state s) then
Tk+1 = Tk+1 ∪ {(s, a∗ )+ } for dominating actions
Tk+1 = Tk+1 ∪ {(s, a)− } for dominated actions
end if
end for
πk+1 = T RAIN C LASSIFIER(Tk+1 )
until (πk+1 is not better than πk )
return πk

to identify dominating actions in the states of Sk . Notice that
the training set contains both positive (+) and negative (−)
examples for each state, where a clear domination is found.
A new classifier is trained using these examples to yield an
approximate representation of the improved policy over the
previous one. This cycle is then repeated until a termination
condition is met. Given the approximate nature of this policy
iteration, the termination condition cannot rely on convergence
to a single optimal policy. Rather, it terminates when the
performance of the new policy (measured via simulation) does
not exceed that of the previous policy. The empirical expected
total discounted reward from D obtained from and averaged
over multiple runs is used as the policy performance criterion.
The RCPI algorithm yielded promising results in the pendulum and the bicycle domains using Support Vector Machines
(SVMs) and Multi-Layer Perceptrons (MLPs) as classifiers.
A similar algorithm by Fern et al. [3], [5] yielded satisfying
results in seven planning domains mainly from the AIPS-2000
planning competition using Decision Lists as the underlying
classifier. Subsequent work on reinforcement learning as classification focused on formal reductions to classification [4],
effective management of rollouts [6], [11], effective classifierbased representations of policies [7], theoretical analysis of
the proposed algorithms [8]–[10], directed selection of rollout
states [12], and reduction of rollout-based return estimation
bias with value function estimates [13].
IV. D IRECTED P OLICY S EARCH WITH RVM S
Previous studies identified sensitivities related to the distribution of states in Sk , however, barely any of them examined
closely the structure of each learned policy πk and the possibility of exploiting this structure for guiding the selection of
states in Sk+1 . A common choice is to pick states uniformly
from the state space, but this is unlike to work adequately in

high-dimensional spaces. A notable exception is the idea of
sampling states from the γ-discounted future state distribution
of the improved policy [2], [3], however this is based purely
on process dynamics ignoring any information contained in
the structure of the represented policies themselves.
Our recent work [12] took a first step in the direction of
exploiting policy information by considering Support Vector
Machine (SVM) classifiers that reveal the internal structure
of policy πk , in particular, the boundaries between different
action choices over the state space. These boundaries, defined by the support vectors and the corresponding separating
hyperplanes, are used to identify critical areas of the state
space for probing and to guide the selection of states in
Sk+1 towards these areas. The intuition behind this idea is
the observation that in typical control learning problems each
policy improvement step refines these boundaries and therefore
it is important to probe for dominating actions in states around,
but not on, these boundaries. We chose to identify such states
by sampling from the ones lying along the perpendicular
projections of the support vectors on the separating border. The
net effect of this method is that a much smaller number of such
selected rollout states suffices to sustain the gradual policy
improvement during policy iteration and the simulation cost
(rollouts) reduces by an order of magnitude. While effective,
this method suffers from the growing number of support
vectors in the underlying classifiers as the number of training
examples increases. In turn, the increase in the number of
support vectors slows down the projection operations (solution
of a non-linear system) and yields significant overhead.
The Relevance Vector Machine (RVM) [18] is a kernelbased learning machine that has the same functional form
as the Support Vector Machine (SVM). It is formed as a
linear combination of data-centered basis functions, called
relevance vectors, which are in general non-linear. The RVM
has been shown to provide equivalent and often superior results
to the SVM both in generalization ability and sparseness of
the model. The number of relevance vectors in an RVM is
typically low and not proportional to the number of samples.
For these reasons, we turned our attention to RVM classifiers
as a promising alternative candidate for representing policies.
At the same time, deeper inspection and consideration of
RVMs gave rise to a new directed selection method for rollout
states that avoids the costly projections of the previous one.
Probing a particular state s for the improved policy over
a base policy π boils down to estimating the Qπ values for
all actions in that state using rollouts and identifying the
dominating action(s) (if any). Say that these estimated values
are Q̂π (s, a), a ∈ A. In order to include state s in the training
set, we need to identify at least one dominating action, whose
value exceeds significantly the value of some other action. To
quantify this difference we use the ∆Q quantity:
∆Q(s, a) =

maxa0 ∈A {Q̂π (s, a0 )} − Q̂π (s, a)

maxa0 ∈A {Q̂π (s, a0 )}
∆Q(s) = max ∆Q(s, a)
a∈A

Since R is non-negative, Qπ (s, a) and Q̂π (s, a) are nonnegative. When maxa0 ∈A {Q̂π (s, a0 )} = 0, ∆Q(s, a) = 0 by
definition. Clearly, ∆Q(s, a) and ∆Q(s) are non-negative. If
∆Q(s) > , then any action a∗ = arg maxa0 ∈A {Q̂π (s, a0 )}
that maximizes Q̂π in state s is considered dominating and a
pair (s, a∗ ) is inserted in the training set as a positive (+)
example. Any action a with ∆Q(s, a) >  is considered
dominated and a pair (s, a) is inserted in the training set
as a negative (−) example. Note that some actions may be
neither dominating, nor dominated; no training data will be
produced for such actions. States with ∆Q(s) ≤  do not
yield any training data at all. This simple dominance criterion
is sufficient in most cases for dealing with estimation noise.
We should stress that our approach requires the estimation
of action values at few isolated points (rollout states) only;
these values are obtained as unbiased estimates from MonteCarlo simulation (policy rollouts) and can be estimated to any
desired accuracy provided sufficient simulation time.
The relative action advantage function ∆Q(s), as we may
call it, is defined over the entire state space and captures
important information about the underlying improved policy. It
should be noted that ∆Q is non-negative; it takes high values
within areas dominated by some action and a zero value only
at the boundaries, where no action dominates. Focusing the
probes for the improved policy at states with high values of
∆Q yields little information, because it only reinforces a more
or less clear action dominance with known locality [9]. On
the other hand, probing at states with a value of ∆Q close
to zero will likely result in a blurring of action advantage
values with estimation noise and rarely will it reveal any
useful information about action dominance. Our experience
with classification-based policy representation and learning
suggests that the important areas of the state space that need
to be probed lie close to and around, but not on, the current
policy boundaries, in other words at parts where ∆Q is rapidly
ascending or descending. One way to characterize these areas
is to look at the magnitude of the gradient vector of ∆Q. But,
where can one find this gradient vector, when even ∆Q itself
is not analytically known?
Our approach towards estimating this gradient vector is a
simple solution that takes advantage of the already available
information to minimize overhead. At the end of each iteration,
the estimated values of ∆Q that were used to form the training
set Tk+1 for the next classifier are still available. We use
0
these values to form another training set Tk+1
of s, ∆Q(s)
pairs in order to generalize and approximate the function ∆Q
over the entire state space by regression. We train an RVM
regressor on these data, not only because we seek to exploit
the same technology and benefit from the advantages it offers,
but also, more importantly, because the learned function can be
analytically differentiated to yield the desired gradient vector.
More specifically, the RVM regressor approximation of the
relative action advantage function ∆Q takes the form
q(s) =

`
X
i=1

αi ∆Q(si )k(si , s) + b ,

Algorithm 2 S AMPLE: Sampling Rollout States
Input: number of samples M , number of particles Z,
regressor training set T 0 , matrix Σ, weigh function g
for j = 1 to Z do 
sample s, ∆Q(s) ∼ T 0 uniformly
sj = s + N (0, Σ)
wj = kg(sj )k2
end for
normalize wj ’s
S = ∅, r ∼ uniform(0, M −1 ), c = w1 , j = 1
for m = 1 to M do
u = r + (m − 1) × M −1
while u > c do
j =j+1
c = c + wj
end while
S = S ∪ {sj }
end for
return S

where the si ’s, i = 1, . . . , `, are the relevance vectors of the
regressor, ∆Q(si ) are their target values from the corresponding training pairs, and αi , b are the parameters of the RVM
regressor. For the Gaussian (radial basis functions) kernel1 ,

kg (s0 , s) = exp − β k s0 − s k2 , β > 0,
the gradient of q(s) can be analytically derived as
g(s) = 2β

`
X

αi ∆Q(si )kg (si , s)(si − s) .

i=1

This way we estimate the desired gradient vector, practically
at no additional cost, other than a single RVM regression.
The next obstacle we have to overcome is the identification
of areas of the state space where the magnitude of the gradient
vector is large and direct sampling of rollout states to those
areas. Despite the availability of the gradient in closed form,
an analytical solution for the maxima poses a hard non-linear
problem. Additionally, we have to take into account that the
set of rollout states becomes more and more focused over
iterations and, therefore, the RVM regressor ends up being
trained on points representing only a small part of the state
space. As a result the regressor function (and therefore its
gradient) cannot be trusted in areas away from the rollout
states of the previous iteration. To address these problems,
we apply a resampling procedure inspired by the resampling
operations in a particle filter [19]. Initially, we sample a
large number of candidate states (particles), as follows: pick
0
uniformly in random one point from the training set Tk+1
and add to it zero-mean normal noise to obtain a new sample
from its neighborhood. This step ensures that all candidate
states lie in areas where the regressor can be trusted. Next,
1 Note

that other kernels can be used as long as they can be differentiated.

we weigh each particle using the magnitude (L2 norm) of the
gradient vector. Finally, we apply a resampling procedure to
keep only the desired number of rollout states for the next
iteration. This step ensures that only those candidate states
with large weight (large magnitude of gradient) are promoted.
The entire resampling procedure is shown in Algorithm 2.
Note that its time complexity is only O(Z), where Z is the
number of particles. If Z is taken to be a multiple of M , the
number of rollout states in each iteration, the cost of obtaining
the next set of rollout states is only linear in its size.
Now, we can summarize the complete algorithm. Given a
policy πk at iteration k represented as an RVM classifier,
the corresponding RVM regressor is used to select a new
focused subset of states Sk+1 at which the improved policy
πk+1 will be probed. Each probe will yield pairs of data in
the training set Tk+1 for the next classifier, if domination is
0
detected, and a pair of data in the training set Tk+1
of the
corresponding regressor. Once the training sets are formed, a
new classifier and a new regressor are trained to represent πk+1
and the process repeats from the beginning. Clearly, there is no
guarantee for monotonic policy improvement in this iterative
scheme, however the chances can be increased by repeating
some iteration, if no improvement was achieved; since each
iteration is randomized, it is likely that another run may
produce better results. Therefore, if policy πk+1 is not better
than πk (tested through simulation), iteration k is repeated for
a maximum of L attempts until an improved policy is found. If
all attempts are exhausted without improvement, the algorithm
terminates. Note that the RVM regressor is trained only when
the policy improves, that is, only once per iteration; it should
not change, if an improvement attempt fails. Note also that the
first iteration begins with a purely random, but deterministic,
policy and therefore S1 cannot be formed in the way described
above, since there is no RVM classifier and regressor for π0 .
S1 is simply a uniformly random selection of states from the
entire state space to guarantee full coverage at the beginning2 .
The entire Directed RCPI-RVM (DRCPI-RVM) algorithm is
shown in Algorithm 3.
V. B ENCHMARK D OMAINS
We chose to study the proposed algorithm on two standard
domains in reinforcement learning: inverted pendulum and
mountain car. Both are defined on two-dimensional continuous
state spaces, therefore they are appropriate for visualization
and inspection.
A. Inverted Pendulum
The inverted pendulum problem is to balance a pendulum of
unknown length and mass at the upright position by applying
forces to the cart it is attached to. Three actions are allowed:
left force LF (−50 Newtons), right force RF (+50 Newtons),
or no force NF (0 Newtons). All three actions are noisy;
Gaussian noise with µ = 0 and σ 2 = 10 is added to the

Algorithm 3 DRCPI-RVM: Directed RCPI with RVMs
Input: policy π0 , attempts L, trials K, horizon H, threshold
, size U , points M , particles Z, matrix Σ
k ← −1
repeat
k ←k+1
l←0
repeat
l ←l+1
if (k = 0) then
Sk+1 = a uniformly random subset of S of size U
else
0
Sk+1 = S AMPLE(M, Z, Tk+1
, Σ, gk+1 )
end if
0
Tk+1 = ∅, Tk+1
=∅
for (each s ∈ Sk+1 ) do
for (each a ∈ A) do
estimate Qπk (s, a) using K rollouts of length H
end for
if (∆Q(s) > ) then
Tk+1 = Tk+1 ∪ {(s, a∗ )+ } for dominating actions
Tk+1 = Tk+1 ∪ {(s, a)− } for dominated actions
end if


0
0
Tk+1
= Tk+1
∪ s, ∆Q(s)
end for
πk+1 = T RAIN C LASSIFIER(Tk+1 )

until (πk+1 is better than πk ) or (l = L)
0
qk+1 = T RAIN R EGRESSOR(Tk+1
)
gk+1 = D IFFERENTIATE(qk+1 (s))
until (πk+1 is not better than πk )
return πk

chosen action. The state space of the problem is continuous
and consists of the vertical angle θ and the angular velocity
θ̇ of the pendulum. The transitions are governed by the nonlinear dynamics of the system [20] and depend on the current
state and the current (noisy) control u:
θ̈ =

g sin(θ) − αml(θ̇)2 sin(2θ)/2 − α cos(θ)u
,
4l/3 − αml cos2 (θ)

where g = 9.8m/s2 is the gravity constant, m = 2.0kg is the
mass of the pendulum, M = 8.0kg is the mass of the cart,
l = 0.5m is the length of the pendulum, and α = 1/(m + M ).
The control step is 0.1 seconds and the control input is kept
constant between successive steps. A reward of 1 is given as
long as the angle of the pendulum does not exceed π/2 in
absolute value (the pendulum is above the horizontal line).
An angle greater than π/2 in absolute value signals the end
of the episode and a reward of 0. The discount factor of the
process is set to 0.95.
B. Mountain Car

2 Without

domain knowledge, uniform sampling is the only option to
guarantee that no part will remain initially unexplored. In certain cases,
domain knowledge could be used to perform a focused non-uniform sampling.

The mountain car problem is to drive an underpowered car
from the bottom of a valley between two mountains to the top

policy π1 and rollout states S1

policy π2 and rollout states S2

policy π3 and rollout states S3

Fig. 1. Inverted Pendulum: three successive policies from a typical run (action selection is shown in color: LF-blue, NF-yellow, RF-green) and the corresponding
rollout states (shown as little circles colored with the dominating action; those discarded from the training set of the classifier (∆Q(s) ≤ ) are colored red).

π3 : binary classifier for action LF

π3 : binary classifier for action NF

π3 : binary classifier for action RF

Fig. 2. Inverted Pendulum: the binary RVM classifiers for each action of the final balancing policy π3 in the experiment of Figure 1 (in class: LF-blue,
NF-yellow, RF-green; out of class: red) and the corresponding training set T3 (positive examples: black, negative examples: white, relevance vectors: bold).

of the mountain on the right. The car is not powerful enough
to climb any of the hills directly from the bottom of the valley
even at full throttle; it must build enough energy by climbing
first to the left (moving away from the goal) and then to the
right. Three actions are allowed: forward throttle FT (+1),
reverse throttle RT (−1), or no throttle NT (0). Gaussian noise
with µ = 0 and σ 2 = 0.2 is added to the chosen action. The
state space of the problem is continuous and consists of the
position x and the velocity ẋ of the car along the horizontal
axis. The transitions are governed by the discrete-time nonlinear dynamics of the system [17] and depend on the current
state (x(t), ẋ(t)) and the current control u(t):

x(t + 1) = B OUNDx x(t) + ẋ(t + 1)

ẋ(t + 1) = B OUNDẋ ẋ(t) + 0.001u(t) − 0.0025 cos(3x(t)) ,
where B OUNDx is a function that keeps x within [−1.2, 0.5],
while B OUNDẋ keeps ẋ within [−0.07, 0.07]. If the car hits the
bounds of the position x, the velocity ẋ is set to zero. Reward
of 0 is given at each step as long as the position of the car
is below the right bound (0.5). As soon as the car position

hits the right bound, it has reached the goal; the episode ends
successfully and a reward of 1 is given. The discount factor
of the process is set to 0.99.
VI. E XPERIMENTAL R ESULTS
We applied our approach to the two benchmark domains
described above to test its effectiveness. All policies were
represented using RVM classifiers and RVM regressors with
the radial basis function (RBF) kernel (with β = dσ 2 , where
d is a constant and σ 2 is the standard deviation of the
data in the training set) and were implemented using the
Dlib package [21]. Note that we did not try to optimize
the parameters of the classifier/regressor, since our ultimate
goal is to employ simple off-the-shelf classification/regression
technology for the benefit of reinforcement learning. The
parameters of our algorithm were tested selectively within
their range to find operational values. The values used in
the experiments reported here were U = 200, M = 50,
Z = 10M , Σ = diag{0.2}, L = 4, K = 50, H = 100,
 = 0.02 for all domains, and d = 2 for the inverted pendulum

policy π1 and rollout states S1

policy π2 and rollout states S2

policy π3 and rollout states S3

Fig. 3. Mountain Car: three successive policies from a typical run (action selection is shown in color: RT-blue, NT-yellow, FT-green) and the corresponding
rollout states (shown as little circles colored with the dominating action; those discarded from the training set of the classifier (∆Q(s) ≤ ) are colored red).

π3 : binary classifier for action RT

π3 : binary classifier for action NT

π3 : binary classifier for action FT

Fig. 4. Mountain Car: the binary RVM classifiers for each action of the final exiting policy π3 in the experiment of Figure 3 (in class: RT-blue, NT-yellow,
FT-green; out of class: red) and the corresponding training set T3 (positive examples: black, negative examples: white, relevance vectors: bold).

and d = 5 for the mountair car. The initial policy π0 was
a random deterministic policy. Each dimension of the state
spaces was scaled to [−1, +1].
Figure 1 shows a typical run on the inverted pendulum
domain. Data are displayed over the 2-dimensional state space
(the horizontal axis is the angle and the vertical axis is the
angular velocity). A fully-balancing policy was found in three
iterations (unsuccessful improvement attempts are not shown)
starting from a random policy (not shown). The first iteration delivered a fairly good policy, which was subsequently
improved in the second and third iterations, while the fourth
iteration did not improve the already fully-balancing policy.
Notice that, after the initial uniform distribution, the rollout
states are positioned mostly around the boundary. Figure 2
shows the three binary RVM classifiers representing the final
policy π3 . It is worth noting the small number of relevance
vectors in each classifier.
Figure 3 shows a typical run on the mountain car domain.
Once again, data are displayed over the 2-dimensional state
space (the horizontal axis is the position and the vertical axis

is the velocity). A successful exiting policy is found in the
third iteration, starting from a random policy (not shown). The
policies in the first and second iterations were exiting as well,
but they needed many more steps to succeed. The fourth iteration did not improve performance (unsuccessful improvement
attempts are not shown) and the algorithm terminated. Figure 4
shows the three binary RVM classifiers representing the final
policy π3 . Note that each classifier is defined by only two
relevance vectors.
Table I shows collective results and statistics from multiple
runs. Each row represents averages from 100 different executions with the same settings, but with different random seeds.
These data offer a comparison between the proposed algorithms RCPI-RVM (vanilla RCPI with RVM policy representation) and Directed RCPI (DRCPI-RVM) based on relevance
vector machines against the corresponding algorithms RCPISVM and Directed RCPI (DRCPI-SVM) based on support
vector machines from our previous work [12]. For fairness,
we added the multiple improvement attempts in RCPI, so that
the only difference between the algorithms is the choice of

Mountain Pendulum

TABLE I
C OLLECTIVE RESULTS (100 RUNS ) AND COMPARISON OF ALGORITHMS IN TERMS OF COMPUTATIONAL AND LEARNING PERFORMANCE .
Kernel

Algorithm

States

Simulation

Rollouts

Attempts

Time

Return

Success

RBF
RBF
RBF
RBF

RCPI-SVM
RCPI-RVM
DRCPI-SVM
DRCPI-RVM

200
200
200/50
200/50

4182303
725734
2122569
581715

1336
1206
469
401

6.68
6.03
6.34
5.03

86.60
16.71
33.10
9.02

20.00
19.99
20.00
19.99

95.78%
95.78%
92.88%
98.05%

RBF
RBF
RBF
RBF

RCPI-SVM
RCPI-RVM
DRCPI-SVM
DRCPI-RVM

200
200
200/50
200/50

14714292
3170390
6541460
5606046

1690
1826
585
540

8.45
9.13
7.39
7.02

65.10
29.12
29.70
31.66

0.42
0.26
0.29
0.18

98.89%
99.00%
88.45%
94.23%

the rollout states in terms of quantity and location and, of
course, the representation technology (RVM vs. SVM). All
other settings were kept identical for all runs. The Simulation
tab shows the amount of simulation steps needed for each
run, while the Rollouts tab shows the number of rollouts
executed in each run. The Attempts tab shows the number
of improvement attempts (the number of iterations is less
than or equal to that) before termination and the Time tab
shows the real time (seconds) taken by each run. Finally, the
Return and Success tabs show the total expected discounted
reward (measured by policy rollout from the initial state)
and the success rate respectively of the final learned policy.
A successful run corresponds to 3000 steps (5 minutes) of
balancing in the inverted pendulum domain and exiting from
the valley in less than 3000 steps in the mountain car domain.
Clearly, DRCPI-RVM yields significant savings in terms of
rollouts and simulation compared to the other algorithms,
while delivering policies of comparable performance. Despite
the extra computations required by DRCPI-RVM, there were
also significant savings in real computation time, which implies that the amount of simulation is the main cost factor.
VII. C ONCLUSION
We have presented a scheme for directing classifier-based
policy search. Our scheme exploits the properties of relevance
vector machines to identify the critical parts of the state space
where probing should focus to improve an existing policy. Our
results indicate significant savings in simulation time (rollouts)
and generation of very good policies in only a few iterations,
without penalty in computational cost.
In our work, we have arrived to an approximation of the
relative action advantage function in a differentiable closed
form. An interesting direction of future research would be
the analytical identification of the important areas of the
state space for probing the improved policy, in place of the
sampling method we proposed. An analytical approach could
yield additional savings, revealing at the same time more
information about the internal structure of the learned policies.
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