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Abstract. Relational reinforcemen t learning (RRL) is a learning tec h-

nique that com bines standard reinforcemen t learning with inductiv e logic

programming to enable the learning system to exploit structural kno w-

ledge ab out the application domain.

This pap er discusses an impro v emen t of the original RRL. W e in tro duce

a fully incremen tal �rst order decision tree learning algorithm TG and

in tegrate this algorithm in the RRL system to form RRL-TG.

W e demonstrate the p erformance gain on similar exp erimen ts to those

that w ere used to demonstrate the b eha viour of the original RRL system.

1 In tro duction

Relational reinforcemen t learning is a learning tec hnique that com bines reinforce-

men t learning with relational learning or inductiv e logic programming. Due to

the use of a more expressiv e represen tation language to represen t states, actions

and Q-functions, relational reinforcemen t learning can b e p oten tially applied

to a wider range of learning tasks than con v en tional reinforcemen t learning. In

particular, relational reinforcemen t learning allo ws the use of structural repres-

en tations, the abstraction from sp eci�c goals and the exploitation of results from

previous learning phases when addressing new (more complex) situations.

The RRL concept w as in tro duced b y D � zeroski, De Raedt and Driessens in

[5]. The next sections fo cus on a few details and the shortcomings of the original

implemen tation and the impro v emen ts w e suggest. They mainly consist of a

fully incremen tal �rst order decision tree algorithm that is based on the G-tree

algorithm of Chapman and Kaelbling [4].

W e start with a discussion of the implemen tation of the original RRL system.

W e then in tro duce the TG-algorithm and discuss its in tegration in to RRL to

form RRL-TG. Then an o v erview of some preliminary exp erimen ts is giv en to

compare the p erformance of the original RRL system to RRL-TG and w e discuss

some of the c haracteristics of RRL-TG.
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Fig. 1. The RRL algorithm.

2 Relational Reinforcemen t Learning

The RRL-algorithm consists of t w o learning tasks. In a �rst step, the classical

Q-learning algorithm is extended b y using a relational regression algorithm to

represen t the Q-function with a logical regression tree, called the Q-tree. In

a second step, this Q-tree is used to generate a P-function. This P-function

describ es the optimalit y of a giv en action in a giv en state, i.e., giv en a state-

action pair, the P-function describ es whether this pair is a part of an optimal

p olicy . The P-function is represen ted b y a logical decision tree, called the P-tree.

More information on logical decision trees (classi�cation and regression) can b e

found in [1, 2].

2.1 The Original RRL Implemen tation

Figure 1 presen ts the original RRL algorithm. The logical regression tree that

represen ts the Q-function in RRL is built starting from a kno wledge base whic h

holds correct examples of state, action and Q-function v alue triplets. T o generate

the examples for tree induction, RRL starts with running a normal episo de

just lik e a standard reinforcemen t learning algorithm [10, 9, 6] and stores the

states, actions and q-v alues encoun tered in a temp orary table. A t the end of

eac h episo de, this table is added to a kno wledge base whic h is then used for the



tree induction phase. In the next episo de, the q-v alues predicted b y the generated

tree are used to calculate the q-v alues for the new examples, but the Q-tree is

generated again from scratc h.

The examples used to generate the P-tree are deriv ed from the obtained Q-

tree. F or eac h state the RRL system encoun ters during an episo de, it in v estigates

all p ossible actions and classi�es those actions as optimal or not according to the

q-v alues predicted b y the learned Q-tree. Eac h of these classi�cations together

with the according states and actions are used as input for the P-tree building

algorithm.

Note that old examples are k ept in the kno wledge base at all times and nev er

deleted. T o a v oid ha ving to o m uc h old (and noisy) examples in the kno wledge

base, if a state{action pair is encoun tered more than once, the old example in

the kno wledge base is replaced with a new one whic h holds the up dated q-v alue.

2.2 Problems with the original RRL

W e iden tify four problems with the original RRL implemen tation that diminish

its p erformance. First, it needs to k eep trac k of an ev er increasing amoun t of

examples: for eac h di�eren t state-action pair ev er encoun tered a Q-v alue is k ept.

Second, when a state-action pair is encoun tered for the second time, the new

Q-v alue needs to replace the old v alue, whic h means that in the kno wledge base

the old example needs to b e lo ok ed up and replaced. Third, trees are built

from scratc h after eac h episo de. This step, as w ell as the example replacemen t

pro cedure, tak es increasingly more time as the set of examples gro ws. A �nal

p oin t is that lea v es of a tree are supp osed to iden tify clusters of equiv alen t state-

action pairs, "equiv alen t" in the sense that they all ha v e the same Q-v alue. When

up dating the Q-v alue for one state-action pair in a leaf, the Q-v alue of all pairs

in the leaf should automatically b e up dated; but this is not what is done in the

original implemen tation; an existing (state,action,Q) example gets an up dated

Q-v alue at the momen t when exactly the same state-action pair is encoun tered,

instead of a state-action pair in the same leaf.

2.3 P ossible Impro v emen ts

T o solv e these problems, a fully incremen tal induction algorithm is needed. Suc h

an algorithm w ould reliev e the need for the regeneration of the tree when new

data b ecomes a v ailable. Ho w ev er, not just an y incremen tal algorithm can b e

used. Q-v alues generated with reinforcemen t learning are usually wrong at the

b eginning and the algorithm needs to handle this appropriately .

Also an algorithm that do esn't require old examples to b e k ept for later refer-

ence, eliminates the use of old information to generalise from and th us eliminates

the need for replacemen t of examples in the kno wledge base. In a fully incre-

men tal system, the problem of storing di�eren t q-v alues for similar but distinct

state-action pairs should also b e solv ed.

In the follo wing section w e in tro duce suc h an incremen tal algorithm.



3 The TG Algorithm

3.1 The G-algorithm

W e use a learning algorithm that is an extension of the G-algorithm [4]. This

is a decision tree learning algorithm that up dates its theory incremen tally as

examples are added. An imp ortan t feature is that examples can b e discarded

after they are pro cessed. This a v oids using a h uge amoun t of memory to store

examples.

On a high lev el (cf. Figure 2), the G-algorithm (as w ell as the new TG-

algorithm) stores the curren t decision tree, and for eac h leaf no de statistics for

all tests that could b e used to split that leaf further. Eac h time an example is

inserted, it is sorted do wn the decision tree according to the tests in the in ternal

no des, and in the leaf the statistics of the tests are up dated.

create an empt y leaf

while data a v ailable do

split data do wn to leafs

up date statistics in leaf

if split needed then

gro w t w o empt y leafs

endwhile

Fig. 2. The TG-algorithm.

The examples are generated b y a sim ulator of the en vironmen t, according to

some reinforcemen t learning strategy . They are tuples ( S tate; Action; QV al ue ).

3.2 Extending to �rst order logic

W e extend the G algorithm in that w e use a relational represen tation language

for describing the examples and for the tests that can b e used in the decision

tree. This has sev eral adv an tages. First, it allo ws us to mo del examples that

can't b e stored in a prop ositional w a y . Second, it allo ws us to mo del the feature

space. Ev en when it w ould b e p ossible in theory to en umerate all features, as in

the case of the blo c ks w orld with a limited n um b er of blo c ks, a problem is only

tractable when a smaller n um b er of features is used. The relational language

can b e seen as a w a y to construct useful features. E.g. when there are no blo c ks

on some blo c k A, it is not useful to pro vide a feature to see whic h blo c ks are

on A. Also, the use of a relational language allo ws us to structure the feature

space as e.g. on(State,blo c k a,blo c k b) and on(State,blo c k c,blo c k d) are treated

in exactly the same w a y .

The construction of new tests happ ens b y a re�nemen t op erator. A more

detailed description of this part of the system can b e found in [1].
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Fig. 3. A logical decision tree

Figure 3 giv es an example of a logical decision tree. The test in some no de

should b e read as the existen tially quan ti�ed conjunction of all literals in the

no des in the path from the ro ot of the tree to that no de.

The statistics for eac h leaf consist of the n um b er of examples on whic h eac h

p ossible test succeeds, the sum of their Q v alues and the sum of squared Q

v alues. Moreo v er, the Q v alue to predict in that leaf is stored. This v alue is

obtained from the statistics of the test used to split its paren t when the leaf

w as created. Later, this v alue is up dated as new examples are sorted in the leaf.

These statistics are su�cien t to compute whether some test is signi�can t, i.e.

the v ariance of the Q-v alues of the examples w ould b e reduced b y splitting the

no de using that particular test. A no de is split after some minimal n um b er of

examples are collected and some test b ecomes signi�can t with a high con�dence.

In con trast to the prop ositional system, k eeping trac k of the candidate-tests

(the re�nemen ts of a query) is a non-trivial task. In the prop ositional case the

set of candidate queries consists of the set of all features min us the features that

are already tested higher in the tree. In the �rst order case, the set of candidate

queries consists of all p ossible w a ys to extend a query . The longer a query is and

the more v ariables it con tains, the larger is the n um b er of p ossible w a ys to bind

the v ariables and the larger is the set of candidate tests.

Since a large n um b er of suc h candidate tests exist, w e need to store them

as e�cien tly as p ossible. T o this aim w e use the query pac ks mec hanism in-

tro duced in [3]. A query pac k is a set of similar queries structured in to a tree;

common parts of the queries are represen ted only once in suc h a structure. F or

instance, a set of conjunctions f ( p ( X ) ; q ( X )) ; ( p ( X ) ; r ( X )) g is represen ted as a

term p ( X ) ; ( q ( X ); r ( X )). This can yield a signi�can t gain in practice. (E.g., as-



suming a constan t branc hing factor of b in the tree, storing a pac k of n queries

of length l ( n = b

l

) tak es O ( nb= ( b � 1)) memory instead of O ( nl ).)

Also, executing a set of queries structured in a pac k on the examples re-

quires considerably less time than executing them all separately . An empirical

comparison of the sp eeds with and without pac ks will b e giv en in section 1.

Ev en storing queries in pac ks requires m uc h memory . Ho w ev er, the pac ks

in the leaf no des are v ery similar. Therefore, a further optimisation is to reuse

them. When a no de is split, the pac k for the new righ t leaf no de is the same

as the original pac k of the no de. F or the new left sub-no de, w e curren tly only

reuse them if w e add a test whic h do es not in tro duce new v ariables b ecause in

that case the query pac k in the left leaf no de will b e equal to the pac k in the

original no de (except for the c hosen test whic h of course can't b e tak en again).

In further w ork, w e will also reuse query pac ks in the more di�cult case when a

test is added whic h in tro duces new v ariables.

3.3 RRL-TG

T o in tegrate the TG-algorithm in to RRL w e remo v ed the calls to the TILDE

algorithm and use TG to adapt the Q-tree and P-tree when new exp erience (in

the form of ( S tate; Action; QV al ue ) triplets) is a v ailable. Thereb y , w e solv ed the

problems men tioned in Section 2.2.

{ The trees are no longer generated from scratc h after eac h episo de.

{ Because TG only stores statistics ab out the examples in the tree and only

references these examples once (when they are inserted in to the tree) the

need for remem b ering and therefore searc hing and replacing examples is

reliev ed.

{ Since TG b egins eac h new leaf with completely empt y statistics, examples

ha v e a limited life span and old (p ossibly noisy) q-v alue examples will b e

deleted ev en if the exact same state-action pair is not encoun tered t wice.

Since the bias used b y this incremen tal algorithm is the same as with TILDE, the

same theories can b e learned b y TG. Both algorithms searc h the same h yp othesis

space and although TG can b e misled in the b eginning due to its incremen tal

nature, in the limit the qualit y of appro ximations of the q-v alues will b e the

same.

4 Exp erimen ts

In this section w e compare the p erformance of the new RRL-TG with the original

RRL system. F urther comparison with other systems is di�cult b ecause there

are no other implemen tations of RRL so far. Also, the n um b er of �rst order

regression tec hniques is limited and a full comparison of �rst order regression is

outside the scop e of this pap er.

In a �rst step, w e reran the exp erimen ts describ ed in [5]. The original RRL

w as tested on the blo c ks w orld [8] with three di�eren t goals: unstac king all blo c ks,



stac king all blo c ks and stac king t w o sp eci�c blo c ks. Blo c ks can b e on the 
o or

or can b e stac k ed on eac h other. Eac h state can b e describ ed b y a set (list) of

facts, e.g., s

1

= f cl ear ( a ) ; on ( a; b ) ; on ( b; c ) ; on ( c; f l oor ) g . The a v ailable actions

are then mov e ( x; y ) where x 6= y and x is a blo c k and y is a blo c k or the 
o or.

The unstac king goal is reac hed when all blo c ks are on the 
o or, the stac king goal

when only one blo c k is on the 
o or. The goal of stac king t w o sp eci�c blo c ks (e.g.

a and b ) is reac hed when the fact on ( a; b ) is part of the state description, note

ho w ev er that RRL learns to stac k an y t w o sp eci�c blo c ks b y generalising from

on ( a; b ) or on ( c; d ) to on ( X ; Y ) where X and Y can b e substituted for an y t w o

blo c ks. In the �rst t yp e of exp erimen ts, a Q-function w as learned for state-spaces

with 3, 4 and 5 blo c ks. In the second t yp e, a more general strategy for eac h goal

w as learned b y using p olicy learning on state-spaces with a v arying n um b er of

blo c ks.

Afterw ards, w e discuss some exp erimen ts to study the con v ergence b eha-

viour of the TG-algorithm and the sensitivit y of the algorithm to some of its

parameters.

4.1 Fixed State Spaces
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Fig. 4. The learning curv es for �xed n um b ers of blo c ks

F or the exp erimen ts with a �xed n um b er of blo c ks, the results are sho wn

in Figure 4. The generated p olicies w ere tested on 10 000 randomly generated

examples. A rew ard of 1 w as giv en if the goal-state w as reac hed in the minimal



n um b er of steps. The graphs sho w the a v erage rew ard p er episo de. This giv es an

indication of ho w w ell the Q-function generates the optimal p olicy . Compared to

the original system, the n um b er of episo des needed for the algorithm to con v erge

to the correct p olicy is m uc h larger. This can b e explained b y t w o c haracteristics

of the new system. Where the original system w ould automatically correct its

mistak es when generating the next tree b y starting from scratc h, the new system

has to comp ensate for the mistak es it mak es near the ro ot of the tree | due

to fault y Q-v alues generated at the b eginning | b y adding extra branc hes to

the tree. T o comp ensate for this fact a parameter has b een added to the TG-

algorithm whic h sp eci�es the n um b er of examples that need to b e �led in a leaf,

b efore the leaf can b e split. These t w o factors | the o v erhead for correcting

mistak es and the dela y put on splitting lea v es | cause the new RRL system to

con v erge slo w er when lo oking at the n um b er of episo des.

Ho w ev er, when comparing timing results the new system clearly outp erforms

the old one, ev en with the added n um b er of necessary episo des. T able 1 compares

the execution times of RRL-TG with the timings of the RRL system giv en in

[5]. F or the original RRL system, running exp erimen ts in state spaces with more

than 5 blo c ks quic kly b ecame imp ossible. Learning in a state-space with 8 blo c ks,

RRL-TG to ok 6.6 min utes to learn for 1000 episo des, enough to allo w it to

con v erge for the stac king goal.

T able 1. Execution time of the RRL algorithm on Sun Ultra 5/270 mac hines.

3 blocks 4 blocks 5 blocks

Original RRL Stacking (30 episodes) 6.15 min 62.4 min 306 min

Unstacking (30 episodes) 8.75 min not stated not stated

On(a,b) (30 episodes) 20 min not stated not stated

RRL-TG Stacking (200 episodes) 19.2 sec 26.5 sec 39.3 sec

without packs Unstacking (500 episodes) 1.10 min 1.92 min 2.75 min

On(a,b) (5000 episodes) 25.0 min 57 min 102 min

RRL-TG Stacking (200 episodes) 8.12 sec 11.4 sec 16.1 sec

with packs Unstacking (500 episodes) 20.2 sec 35.2 sec 53.7 sec

On(a,b) (5000 episodes) 5.77 min 7.37 min 11.5 min

4.2 V arying State Spaces

In [5] the strategy used to cop e with m ultiple state-spaces w as to start learning

on the smallest and then expand the state-space after a n um b er of learning

episo des. This strategy w ork ed for the original RRL system b ecause examples

w ere nev er erased from the kno wledge base, so when c hanging to a new state-

space the examples from the previous one w ould still b e used to generate the Q-

and P-trees.



Ho w ev er, if w e apply the same strategy to RRL-TG, the TG-algorithm �rst

generates a tree for the small state-space and after c hanging to a larger state-

space, it expands the tree to �t the new state space, completely forgetting what

it has learned b y adding new branc hes to the tree, thereb y making the tests in

the original tree insigni�can t. It w ould nev er generalise o v er the di�eren t state-

spaces. Instead, w e o�er a di�eren t state-space to RRL-TG ev ery episo de. This

w a y , the examples the TG-algorithm uses to split lea v es will come from di�eren t

state-spaces and allo w RRL-TG to generalise o v er them. In the exp erimen ts on

the blo c ks w orld, w e v aried the n um b er of blo c ks b et w een 3 and 5 while learning.

T o mak e sure that the examples are spread throughout sev eral state-spaces w e

set the minimal n um b er of examples needed to split a leaf to 2400, quite a bit

higher than for �xed state-spaces. As a result, RRL-TG requires a higher n um b er

of episo des to con v erge.

A t episo de 15000, P-learning w as started. Note that since P-learning dep ends

on the presence of go o d Q-v alues, in the incremen tal tree learning setting it is

un wise to start building P-trees from the b eginning, b ecause the Q-v alues at

that time are misleading, causing sub optimal splits to b e inserted in to the P-tree

in the b eginning. Due to the incremen tal nature of the learning pro cess, these

sub optimal splits are not remo v ed afterw ards, whic h in the end leads to a more

complex tree that is learned more slo wly . By letting P-learning start only after

a reasonable n um b er of episo des, this e�ect is reduced, although not necessarily

en tirely remo v ed (as Q-learning con tin ues in parallel with P-learning).
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Fig. 5. The learning curv es for v arying n um b ers of blo c ks. P-learning is started at

episo de 15 000.

Figure 5 sho ws the learning curv es for the three di�eren t goals. The generated

p olicies w ere tested on 10 000 randomly generated examples with the n um b er of

blo c ks v arying b et w een 3 and 10. The �rst part of the curv es indicate ho w w ell

the p olicy generated b y the Q-tree p erforms. F rom episo de 15000 on w ards, when



P-learning is started, the test results are based on the P-tree instead of the Q-

tree; on the graphs this is visible as a sudden drop of p erformance bac k to almost

zero, follo w ed b y a new learning curv e (since P-learning starts from scratc h). It

can b e seen that P-learning con v erges fast to a b etter p erformance lev el than Q-

learning attained. After P-learning starts, the Q-tree still gets up dated, but no

longer tested. W e can see that although the Q-tree is not able to generalise o v er

unseen state-spaces, the P-tree | whic h is deriv ed from the Q-tree | usually

can.

The jump to an accuracy of 1 in the Q-learning phase for stac king the blo c ks

is purely acciden tal, and disapp ears when the Q-tree starts to mo del the en-

coun tered state-spaces more accurately . The generated Q-tree at that p oin t in

time is sho wn in Figure 6. Although this tree do es not represen t the correct

Q-function in an y w a y , it do es | b y acciden t | lead to the correct p olicy for

stac king an y n um b er of blo c ks. Later on in the exp erimen t, the Q-tree will b e

m uc h larger and represen t the Q-function m uc h closer, but it do es not represen t

an o v erall optimal p olicy an ymore.

state(S),action_move(X,Y),num bero fbloc ks(S ,N)

height(S,Y,H),diff(N,H,D),D <2 ?

yes:

qvalue(1.0)

no:

height(S,B,C),height(S,Y,D) , D < C ?

yes:

qvalue(0.149220955007456)

no:

qvalue(0.507386078412001)

Fig. 6. The Q-tree for Stac king after 4000 episo des

The algorithm did not con v erge for the O n ( A; B ) goal but w e did get b etter

p erformance than the original RRL. This is probably due to the fact that w e

w ere able to learn more episo des.

4.3 The Minimal Sample Size

W e decided to further explore the b eha viour of the RRL-TG algorithm with

resp ect to the dela y parameter whic h sp eci�es the minimal sample size for TG

to split a leaf. T o test the e�ect of the minimal sample size, w e started RRL-TG

for a total of 10 000 episo des and started P-learning after 5000 episo des. W e then

v aried the minimal sample size from 50 to 2000 examples. W e ran these tests

with the unstac king goal.

Figure 7 sho ws the learning curv es for the di�eren t settings, T able 2 sho ws

the sizes of the resulting trees after 10 000 episo des ( with P-learning starting at
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Fig. 7. The learning curv es for v arying minimal sample sizes

episo de 5000. The algorithm do es not con v erge for a sample size of 50 examples.

Ev en after P-learning optimalit y is not reac hed. The algorithm mak es to o man y

mistak es b y relying on to o small a set of examples when c ho osing a test. With

an increasing sample size comes a slo w er con v ergence to the optimal p olicy . F or

a sample size of 1000 examples, the dip in the learning curv e during P-learning

is caused b y a c hange in the Q-function (whic h is still b eing learned during the

second phase). When lo oking at the sizes of the generated trees, it is ob vious

that the generated p olicies b ene�t from a larger minimal sample size, at the cost

of slo w er con v ergence. Although exp erimen ts with a smaller minimal sample size

ha v e to correct for their early mistak es b y building larger trees, they often still

succeed in generating an optimal p olicy .

T able 2. The generated tree sizes for v arying minimal sample sizes

50 400 1000 2000

Q-tree 31 26 16 9

P-tree 9 10 8 8

5 Concluding Remarks

This pap er describ ed ho w w e upgraded the G-tree algorithm of Chapman and

Kaelbling [4] to the new TG-algorithm and b y doing so greatly impro v ed the

sp eed of the RRL system presen ted in [5].



W e studied the con v ergence b eha viour of RRL-TG with resp ect to the min-

imal sample size TG needs to split a leaf. Larger sample sizes mean slo w er

con v ergence but smaller function represen tations.

W e are planning to apply the RRL algorithm to the T etris game to study

the b eha viour of RRL in more complex domains than the blo c ks w orld.

F uture w ork will certainly include in v estigating other represen tation p ossib-

ilities for the Q-function. W ork to w ards �rst order neural net w orks and Ba y esian

net w orks [7] seems to pro vide promising alternativ es.

F urther w ork on impro ving the TG algorithm will include the use of m ultiple

trees to represen t the Q- and P-functions and further attempts to decrease the

amoun t of used memory . Also, some w ork should b e done to automatically �nd

the momen t to start P-learning and the optimal minimal sample size. Both will

in
uence the size of the generated p olicy and the con v ergence sp eed of TG-RRL.
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