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Abstract

Relational reinforcement learning combines traditiomrah+
forcement learning with a strong emphasis on a relational
(rather than attribute-value) representation. Earliekwsed
relational reinforcement learning on a learning versiothef
classic Blocks World planning problem (a version where the
learner doesot know what the result of taking an action will
be). “Structural” learning results have been obtainedh sisc
learning in a mixed 3-5 block environment and being able to
perform in a 3 or 10 block environment.

Here we instead take fainction approximatiorapproach to
reinforcement learning for this same problem. We obtain
similar learning accuracies, withuchbetter running times,
allowing us to consider much larger problem sizes. For in-
stance, we can train on a mix of 3—7 blocks and then per-
form well on worlds with 100-800 blocks—using less run-
ning time than the relational method required for 3—10 kdock

having similar structure. Using a traditional attributaiue
representation for RL this would be impossible.

Dzeroski et al. and later (Gartner, Driessens, & Ramon
2003) used a learning version of the classic Blocks World
planning problem to test their ideas using a Q-learning ap-
proach to RL. In this learning version, introduced origipal
by (Langley 1996), the task is finding the optimal policy in
the blocks world, where, unlike the planning versitime
effects of the actions are not known to the agemttil af-
ter the agent takes the action and observes its new state).
We use this same test problem in our work here. We will
be comparing our learning rates especially to Gartner.et al
who improved on the learning rates of Dzeroski et al. by us-
ing a clever new approach for RRL: graph kernels (Gartner,
Flach, & Wrobel 2003) and Gaussian Learning.

Q-learning is a common model-free strategy for RL; it

was used for RRL by both Dzeroski et al. and Gartner et al.
and we also use it. Q-learning maps every state-action pair
to a real number, the Q-value, which tells how optimal that
Traditional Reinforcement Learning (RL) is learning from action is in that state. For small domains this mapping can
interaction with an environment, in particular, learningrh be represented explicitly (Mitchell 1997); for large donmsi
the consequences of actions chosen by the learner (see, e.g.such as a 10-block blocks world (which has tens of millions
(Mitchell 1997; Kaelbling, Littman, & Moore 1996)). The  of states), it is infeasible. Even if memory were not a con-
goal is to choose the best action for the current state. More straint, it would be infeasible to train on all those statéien
precisely, the task of RL is to use observed rewards to learn pairs. RRL is one approach to this problem.
an optimal (or almost optimal) policy for the environment. Here, instead, we takefanction approximatiompproach
RL tasks are challenging because often the learner will ex- by representing each state as a small fixed number of fea-
ecute a long sequence of actions and receive reward 0 for tures that is independent of the number of blocks. Our main
every action but the last one in the sequence. goal is to get similar learning accuracy results with (much)

(Dzeroski, Raedt, & Driessens 2001) introduced Rela- better running time than RRL. This allows us to perform
tional Reinforcement Learning (RRL). RRL seeks to im- in extremely large state spaces. Thus we can demonstrate
prove on RL for problems with a relational structure by tremendous generalization: training on 3—7 blocks inganc
generalizing RL to relationally represented states and ac- and performing on up to 800 blocks. The earlier works never
tions (Tadepalli, Givan, & Driessens 2004b). Traditiopall  considered more than 10 blocks, and really could not, given
RL has used a straightforward attribute-value representat their running time.
especially for the common Q-learning strategy. For instanc There has been relatively little work on using function ap-
Dzeroski et al. showed how, using RRL, one could learnona proximation for model-free RL in general, and Q-learning in
group of different small-size probleminstances, and perfo  particular. The idea is sketched in (Russel & Norvig 2003)
well on more complex, or simply larger problem instances and is used by (Stone & Veloso 1999) (in a setting with other
complicating factors). (Of course the use of function ap-
proximation in machine learning in general is not novel at
all.)

The paper is organized as follows. First, we talk about
about the problem specification, briefly describing RL and
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Q-learning. Then we introduce Blocks World problem in RL
and explain the representation of the symbolic features for
this domain. In the next section, we present our experiments
and results. Finally, we devote a short section to additiona
related work, and then we conclude.

Problem Specification

Following (Dzeroski, Raedt, & Driessens 2001; Gartner,
Driessens, & Ramon 2003), we consider the following form
of RL task for the learning agent:

What is given:

SetS of possible states.

SetA of possible actions.

Unknown transition functiory : S x A — S.

Reward function, which is 1 ingoal states and 0 else-

Function Approximation and Feature-Based
Method

It may be very difficult in general to learn a Q-function per-
ectly. We often expect learning algorithms to get only some
approximation to the target function. We will u$enc-
tion approximation we will learn a representation of the
Q-function as a linear combination of features, where the
features describe a state. In other words, we translatesstat
into the set of featuref , . . ., f.., wheren is the number of
features.

A somewhat novel approach is that we consider a small
set of symbolic, feature-based, actions, and we learn a dis-
tinct Q-function for each of these actions. Thus we have the
set of Q-functions:

where. In the problem considered here, the goal states arefor each symbolic action. The update rule is

also terminal.
What to find:

An optimal policyn* : S — A, for selecting next action
a; based on the current observed state

A common approach is to choose the policy that produces
the greatest cumulative reward over time. The usual way to
define it isV™(s;) = Yoo v'ri4: Wherey € [0,1) is a
discount factor In general, the sequence of rewargs; is
obtained by starting at statg, and by iteratively using the
policy = to choose actions using the rule= = (s;). For the
goal-state type of reward, in ompisodea single reward of
1 is obtained at the end of the episode, and the objective is

to get to that goal state using as short an action sequence as

possible. Formally, we require the agent to learn a paticy
that maximizes cumulative rewafd™. This policy will be
calledoptimaland denoted by*.

Q-learning

Q-learning is a very common form of RL. In Q-learning, the
agent learns an action-value function,@ifunction given

the value of taking a given action in a given state. Q-learnin
always selects the action that maximizes the sum of the im-

mediate reward and the value of the immediate successor

state.
The Q-function for the policyr:

Q(s,a) =r(s,a) +yV7(0(s,a)) .
Therefore, the optimal policy* in terms of Q-function:
7 (s) = argmax(Q(s. )]
Theupdate rulefor the Q-function is defined as follows:
Q(s;a) = Q(s,a) + a(r + ymax Q(s',a’) - Q(s, a)),

which is calculated when actienis executed in statelead-
ing to the state’. Here0 < « < 1 is alearning rateparam-
eter andgammea is the discount factor. (See, e.g., (Mitchell
1997), (Russel & Norvig 2003) for more details)

Q(s,a) =05 f1+ -+ 0% fn 1)
0% = 6% + afr + VH}IE}XQ“(S/,G’) - Q%ﬁ@]%
k
2

In Algorithm 1, we sketch the Q-learning algorithm we
used; it generally follows (Mitchell 1997).

Algorithm 1 The RL Algorithm

initialize all thetasto 0
repeat
Generate a starting statg
i=0
repeat
Choose an action;, using the policy obtained from
the current values of thetas
Execute actiom,;, observe-; ands;
i=i+1
until s; is terminal (i.e., a goal state)
forj=i—1to0do
update the value of thetas for all taken actions using
2)
end for
until no more episodes

Commonly in Q-learning, the training actions are selected
probabilistically. In states our probability of choosing ac-
tion a; is

TQ' (s,a:)

Pr(a;|s) = — 3
(ails) Zall legal (in s) actionsa T (sex) &
The parametefl’, called “temperature,” makes the explo-
ration versus exploitation tradeoff. Larger valuesiowill
give higher probabilities to these actions currently helde

to be good and will favor exploitation of what the agent has
learned. On the other hand, lower valuesiotvill assign
higher probabilities to the actions with small Q valuescfor
ing the agent to explore actions with low probability (see

(Mitchell 1997) for more details).



Blocks World as RL Problem

We now describe Langley’s RL version of the classic Blocks
World Problem (Langley 1996) that we mentioned in the in-
troduction.

A Blocks World contains a fixed set of blocks. Each
block can have only two positions: on thep of another
block or on the'floor” . The available action in this world is
move(a,b)wherea is a block and is either a block or the
“floor.” In the earlier related work and also in our work here,
three goals are considered:

Stack States with all blocks in a single stack
Unstack States with every block on the floor

On(a,b) States with the block with label on top of the
block labeledh

The Or(a,b) goal is different from the other two goals
because it requires labels on the blocks, and therefore we,
like the earlier authors, will treat the Qn b) goal a little
differently from the other two goals.

For the Stack and Unstack goals we use 7 features, inde-

pendent of the number of blocks. They are the number of:
blocks, stacks, blocks in the highest stack, highest stacks

blocks in the second highest stack, second highest stacks,

stacks of height one.

For the Orfa, b) goal we use additional information about
the positions of blocks andb, again independent of the
number of blocks.

In a full, attribute-value representation of the state spac
there would in be:? actions for am-block instance. These
actions would be of the form move, y), wherez was any
of then blocks andy # = was either the floor or any of the
n — 1 remaining blocks. Of course, in any given state only
some of those? moves would be possible.

We used a much smaller fixed set of actions independent
of the number of blocks, which are connected to our set of
features. Now in Table 1 we specify this set of legal, sym-
bolic, feature-based actions for the Stack and Unstaclksgoal
There are 11 of them:

| One Middle Tallest Floor
One v v v
Middle || v v v v
Tallest | v v v v

Table 1: All possible actions for Stacking and Unstacking.

That is, the 11 legal actions ai®@neToOng Tallest-
ToFloor, etc. ByOneToOnenve mean move any block in
a stack of height one on top of any block of height one. The
choice to leave out the “no-op” action of moving a block in
a one-block stack to the floor was arbitrary; learning rasult
and running times are similar with it allowed or not.

Notice that we learn 11 different Q-functions. For exam-
ple, for the actiorDneToOneif we denote that action by 1,
then the corresponding Q-function is

Ql(sval) = e%fl + - +9711fn7

wheref; fori = 1...n are the features mentioned above.
When we train and test, and select one of those 11 actions,

we then make an arbitrary translation of it to some particula
move(z, y) action.

Each action has its own set of thetas. In other words, for
stacking and unstacking there are 77 thetas that have to be
learned. For the Qfa, b) goal, Table 1 would have two ad-
ditional rows and columns fat andb, and there would be
correspondingly more thetas.

Note that the number of states increases exponentially
with the number of blocks. Our technique allows us to avoid
explicitly considering these individual states.

Experiments and Results

Of the two earlier works, (Gartner, Driessens, & Ramon
2003) obtained better learning accuracy. They trained on
a mixture of 3, 4, and 5 block instances, together with some
10-block guided traces (i.e., solutions to 10-block worlds
provided by a human or a traditional planner, not by Q-
learning in a 10-block world. Note that the 10-block world
has so many states that Q-learning’s strategy of random
exploration is very unlikely ever to find a goal state dur-
ing training.). They then tested the learned Q function on
randomly generated starting states in worlds with 3 to 10
blocks. We performed the same experiment for our method,
except that we did not need the guided traces.

We next describe how we set parameters; then we give the
experimental results.

Parameter settings

As with the two RRL papers we are comparing to, and in-
deed, as with all Q-learning, there are several parameters
that must be set. We have six parameters (a typical number),
three (discount rate, learning rate, and temperature piteat
common to almost all Q-learning, and three (another ex-
ploitation versus exploration parameter and two pararaeter
for weighting features) that are not. We do not have some of
the parameters that the earlier RRL papers used (e.g., graph
kernel parameters).

We used the parameter-setting method of (Gartner,
Driessens, & Ramon 2003), basically making test runs to fix
the parameters to seemingly good values, and then starting
learning over with those settings and new random initializa
tions.

Seemingly all Q-learning usesdéscount factory = 0.9;
we also did.

Thelearning rate «, must be in the range 0 to 1. Results
were somewhat sensitive to this parameter; for good results
we needed to use a different value for(@yb) than for the
other two goals.

Exploitation versus exploration parameters There are
two of these.

For thetemperaturel’ we used an initial value of 10 and
incremented by 1 after each episode. Our results were
very similar for any initial temperature up to 300.

The number of times when an action is chosen randomly
in one run At the very start of learning, when the Q-
values are initialized to an arbitrary value, it is easy tb ge
stuck in a local minimum. Thus initially, we choose the



actions randomly until the agent had tried every action a
certain number of times. We set this number to 10.

Feature normalization In a function-approximation,
feature-based approach, the features must be normalized.

e The features are used to calculate the Q-values, which in

turn are used as an exponent in Equation (3), so they need

to be kept not to large. We divided by a normalization
factor that depended on the number of blocks, number of
features and maximum sum over all sets of features.

e Weight factor for the boolean featuteshis parameter is
used only for the goal Qi, b). For this goal, some fea-

chose the best ones.

Comparison with (Gartner, Driessens, & Ramon 2003)
and (Dzeroski, Raedt, & Driessens 2001) We used sim-
ilar tests as (Dzeroski, Raedt, & Driessens 2001) and
(Gartner, Driessens, & Ramon 2003) papers, including thei
method of choosing parameters. The graph kernel method
has the better learning accuracy of these two previous RRL
methods (Gartner, Driessens, & Ramon 2003) for this prob-
lem. Itis essentially perfect for stack after 250 episodet a
for unstack after 400 episodes. For(@yb), average reward
of 90% is obtained after 1,000 episodes.

Our method is obtaining essentially perfect performance

tures are Boolean (i.e., always either 0 or 1), whereas the for stack and unstack after 60 episodes, and 97% average

rest can take values up to the number of blocks (and we
considered performance on up to 800 blocks). For exam-
ple, some Boolean features are: “Is blackrespectively

b) on the floor?” and “Is the top of bloak(respectivelyb)
clear?”

These Boolean features carry an important information,
but when the Q-value of the state-action pair is calcu-
lated, the Boolean features do not have much influence,
especially when the number of blocks is large. Therefore
we decided to weight them by multiplying each Boolean

feature by the number of blocks.

Experiment: generalizing across changing
numbers of blocks

We use a set of experiments introduced in (Dzeroski, Raedt,
& Driessens 2001), and the only set of experiments reported

reward for Ora,b). As we shall see, our time computer
running time per episode drasticallyless.

Furthermore, we were actually doing more generalization,
in the following sense. We relied exclusively on training
on worlds with 3, 4, and 5 blocks. (Gartner, Driessens, &
Ramon 2003) also used some “guided traces” for 10-block
instances in their training.

First, however, we describe some experiments that our
much faster running time allows us to run.

Experiment: Large number of blocks

The two previous papers on RRL in Blocks World never con-
sidered more that 10 blocks, because of the running time,
which increases dramatically with the number of blocks in
the state.

The purpose of these tests is to show how the learned pol-

by (Gartner, Driessens, & Ramon 2003). There are separateicy works in the really large domains.
runs and measurements for each of the three goals Stack, Test 1: Now we train on a mix of three, four, and five

Unstack, and Of, b). These experiments were a significant

block instances, and test on instances with 10—-80 blocks (in

achievement of RRL, because the training instances had dif- stead of 3—10 blocks).

ferent numbers of blocks, and the test instances had differe
numbers of blocks, including some numbers not seen at all
in the training set. A naive attribute-value approach to RL
simply could not do this.

Following the earlier work, for these experiments run
started with 15 episodes with three blocks, followed by 25
episodes with four blocks, and then 60 episodes with five
blocks. Then the learned policy was evaluated for a mixed
number of blocks as was described earlier. Each run con-

Again, we had one experiment for each of our three goals.
We first tried runs of 100 episodes for each of the three goals.
Each run started with 15 episodes with three blocks, fol-
lowed by 25 episodes with four blocks, and then 60 episodes
with five blocks. The learned policy was then evaluated for a
mixed number of blocks. We randomly generated a sample
of 156 states (the number used in the previous experiments)
having 10 to 80 blocks.

Analysis: For the stack and unstack goals the performance

sisted of 100 episodes. The results were averaged over fivewas optimal: the number of steps to the goal states obtained

runs. The results are shown in Figure 1.

We used the same measure of learning accuracy as

by using our policy equals to the optimal number of steps.
However, for the goal Of,b) this performance is

Gartner et al., which was also one of the measures used by ~ 50%. After increasing the number of episodes up to 600

Dzeroski et al. That is, we take a random sample of states.
The quality measure for this set of experiments is the per-
centage of the states in the sample for which an optimal plan
is generated, called “average reward” for short. It ranges
from O to 1.

Analysis: After about 60 episodes, we had essentially per-
fect performance for the stack and unstack goals, and perfor
mance of roughly 97% for the more difficult Qn b) goal.

We note that the results were sensitive to the value of the
learning rate parameter. We pick o using methodology
of (Gartner, Driessens, & Ramon 2003): we ran our experi-
ments several times with different settings of parameteds a

and adding 6 block instances to the learning, we got better
performancez 80%.

Test 2 (really big): We evaluated the learned policy on
a much larger number of blocks: 100-800. For the stack
and unstack goals we trained on 100 episodes. We obtained
optimal performance for stack and good performance (bet-
ter than 95%) for the other two goals, although it was really
necessary to use more blocks and episodes in the training.
To get a good result for the Qi b) goal we had to in-
crease the number of episodes up 1500 and the number of
blocks we were learning on to seven. In this case, our ex-
periment ran as follows: Each run started with 15 episodes
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Figure 1: Learning curves for all 3 goals. Average rewarceispntage of optimal plans generated for a sample of 156gtar
states with 3—-10 blocks.

with three blocks, followed by 25 episodes with four blocks, so the difference in hardware probably accounted for a 8—
160 episodes with five blocks, 200 with six, and the rest with 10-fold speedup.)
seven. Learning curves are shown in Figure 2 and running  The second table displays the running time on the exper-

times in Table 3. iments whose results were reported by Gartner and that we
discussed here—training time for mixed numbers of blocks.
Efficiency The left column is the time for 100 episodes on a mixture

_ ) ) o of 3-5 blocks and is directly comparable to the earlier work.
In this subsection we discuss the running time of our learn- The right column is the training time for 1,500 episodes on a
ing algorithm, and compare it to the running time of (Dze-  mixture of 3—7 blocks (for performance on 100800 blocks).

roski, Raedt, & Driessens 2001), which is the faster of the For the smaller case we needed roughly 2 seconds for 100
two previous RRL algorithms (Driessens 2004). As we

stated above, the number of the states increase dramaticall - -
with a number of blocks. There is table in (Dzeroski, Raedt, Goal [ 3-5(100) 3-7(1500)

& Driessens 2001) paper, which shows the number of states Stackln_g 1.7 17.0

and number of reachable goal states for three goals and dif- Unstacking 17 19.7

ferent number of blocks. For example, according to this ta- On(a, b) 2.3 26.1

ble, if the number of blocks is 7, then the number of states is S .

1546, but for 10 blocks this number is 1441729. Table 3: Training time on mixed number of blocks after 1

run with 100 and 1500 episodes (in seconds on a Dell laptop

To compare to Dzeroski et al., we consider training time with a 2.40 GHz processor).

on a fixed number of blocks (an experiment that Gartner et
al. did notrun) in Table 2 and on a variable number of blocks

in Table 3. episodes. For comparison, to run 45 episodes learning on
varying number of blocks (from 3 to 5) (Dzeroski, Raedt, &
Goal | 3 i} 5 5 Driessens 2001) spent 4—hdurs depending on the goal.
Stacking || 1.031 0972 1.102 1.492 Our running time seems to scale linearly or even better
Unstacking 0:671 0:801 1:202 1:482 than that with number of episodes; running times for 1500
On(a, b) 1291 1312 1742 1873 episodes were only in the range 17-26 seconds.
Table 2: Training time in seconds on a Dell laptop with a Additional related work

2.40 GHz CPU on fixed number of blocks. The time was

recorded after one run of 100 episodes. There are two main approaches to RL: model-free (including

Q-learning) and model-based. There has been some work
on handling very large state spaces with model-based ap-
This table shows, that the running time is much better than proaches (Sallans & Hinton 2004; Tsitsiklis & Roy 1996).

(Dzeroski, Raedt, & Driessens 2001) paper. For 30 episodes A variation of Q-learning called HAMQ-learning that learns
on 3 blocks they required 6.25—20 minutes, whereas we used without performing the transition function is discussed in
roughly 1 second for 100 episodes. (However, take into ac- (Parr & Russell 1997).
count that they used Sun Ultra 5/270 machines versus our  Arecent overview of RRL in general is (Tadepalli, Givan,
using a Dell Latitude 100L with a 2.40 GHz Celeron CPU, & Driessens 2004a).
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Figure 2: Learning curves for all 3 goals with 100-800 blocks
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