Contribution to the study and the design of reinforcement functions byJuan Miguel Santos

Directed byDr. Hugo Scolnik and Norbert Giambiasi

April, 12 nd , 1999 , Universidad de Buenos Aires

The under lying concept in Reinforcement Learning is as simple as it is attractive: to lear n by trialand error fromthe interaction wit h the environment. This approach allows us to dealwith problems where a learning technique searches to improve the perfor mance ofthe agent (the lear ner) over time. Reinforcement Learning groups a set ofsuch techniques, and it uses a per formance measure based on two types ofsignals given bya Cr it ic or Reinforcement Funct ion: penalt yand reward.

The use ofthese techniques is closely related to the condit ions imposed on each t ype of problem. In the easiest case, a problem is provided wit h a world model(Reinforcement and Transit ion Functions) and can be modeled bymeans ofa Markovian Decisio n

Process. In more difficult cases, the Transit ion Funct ion is unknown and, today, two widely known algor ithms based on the TemporalDifferences Method: Adaptive

Heur ist ic Cr it ic [Sutton, 1988] and Q-Learning [ Watkins, 1989] are able to dealwith the situation ofan unknown model.

Ifthe state-action space ofthe systemis so large that it forbids an explicit representation ofthe agent´s internal structure (i.e. tables, tuples, etc.), it is mandatoryto consider strategies that generalize. Today, the state ofthe art posit ions ArtificialNeural

Networks as an obvious toolto implement generalizat ion. Moreover, large spaces complicate the exploratoryprocess. In particular, the exploration-explo itat ion dilemma beco mes especially delicate. Therefore, it is necessar yto develop exploration strategies closelyrelated to those ofmemor izat ion and generalizat ion.

Over the last ten years, the evo lution o fthe Reinforcement Learning techniques has impacted on a closelyrelated field: Robot Learning. In Robot Learning, a robot must improve its perfor mance over time; and the RL paradigmsuits this definit io n well in that the per formance measure can be used to achieve the goal: In fact, the Discount

Reinforcement Infinite Sumis used due to its useful convergence property.

However whatever cr iter ion is used, in all cases it depends ofthe Reinforcement

Funct ion definit io n. Unfortunately, it is not simple to define such a funct ion, especially in many applicat ions with phys icalsystems ( i.e., robots) whose states are represented by means ofthe sensor activit y (numer ical values) where humans are more at ease with symbo lical values. Thus, the definit io n ofthe Reinforcement Funct ion const itutes a cr it icalpo int for the implementation ofRL.

The objective of this thesis is to study the design of the Reinforcement Function and introduce an approach to undertaking this task. Additionally, we study the feasibility and consequences of adapting the Reinforcement Function during the learning process so as to improve the performance of the system.

As a first step, we propose a generalexpressio n for the RF. It is expressed in terms of constraints, which depend ofa set ofvalues: the Reinforcement Funct ion Parameters.

We also suggest a Reinforcement Function Design Process, with two main stages. The fir st one translates a naturallanguage descr ipt ion into an instance ofthe Reinforcement

Funct ion GeneralExpressio n. The second one tunes parameters ofconstraints for obtaining the optimaldefinit io n ofthe function (relat ive to exploration).

Based on a particular (but gener ic) case ofthe Reinforcement Funct ion with two constraints (one associated with posit ive reinforcement and the other with negative ones), we propose an analyt ic method and an algorit hm(Update Parameters Algor ithm, or UPA) to obtain the value ofthe Reinforcement Function Parameters.

As a second step, we studied the possibilit y and utilit yo fchanging the definit io n ofthe

Reinforcement Function (parameter tuning) in a dynamic waydur ing the Learning

Phase, and we show the consequences onthe explorat ion- explo itat ion dilemma.

A rule for tuning the RF parameters during UP A execut ion invo lves changing the funct ion to obtain an idealrat io ofposit ive and negat ive reinforcements defined in advance. Before learning, UPA guarantees a balanced proportion ofreinforcements dur ing explorat ion. During lear ning, UPA modulates the exploration-explo itat ion relat ion. In both cases, the results are improvements ofthe lear ning per formance

(qualit yand time).

The idea o fusing the var iat ions ofthe perfor mance as an evaluat ion cr iter ion has been partiallyexplored by so me authors. For example, [Schmidhuber et al., 1997] use as a cr iterion acceptance (or reject ion) ofpreviouslyimposed changes on a Policy, the evo lut ion ofthe Reinforcements Sumreceived fromthe last change. [Mataric, 1994], and [Millán, 1996] use progress estimators to measure the evo lut ion ofthe systemin achieving sub-object ives (for simple behaviors with an associated metr ic) expressed in the RF. On the other hand, [Ackley and Litt man, 1991] introduce an Evolut ionar y

Reinforcement Learning scheme where RL allows individuals to improve their perfor mance along their life. Thus, the perfor mance o fthe complete systemis indirect ly used for accepting, or not, changes o fthe RF definit io n ofeach individual. However, it is our opinio n that these attempts failed to achieve a r igorous development in regards to the exploration-explo itat ion dilemma, and its related matter: learning speed, convergence, etc.

The neural implementation o fthe RL used in the exper imentalparts ofthis thesis, is based on the cluster ing properties ofthe RadialBasis Funct ion Art ificial Neural

Networks [Moodyand Darken, 1989]. The need to achieve an appropriate discretizat ion ofthe situation-act ion space through cluster ing has lead us to add to the update rule of the neuralnetwork a growing strategy.

In this dissertation we will review the Reinforcement Lear ning and the associated open issues. After that, we will descr ibe our contribution to the studyand development ofthe

Reinforcement Function. Then, we willillustrate, with severalexper iments invo lving robots(mobile and manipulator), the efficiencyo four proposed method. Results willbe analyzed and discussed. Finally, we willemphasize the main conclusio ns ofthis work and present some future direct ions ofresearch.

References

1. David Ackley and Michael Littman , 1991 . Interactions Between Learning and Evolution, in

Artificial Life II, SFI Studies in theSciences of Complexity, vol. X , eds. ByC.G. Langton, C.

Taylor, J. D. Farmer &S. Rasmussen, Addison WesleyPublishers, 487-509

2. Maja J. Mataric , 1994 . Reward Functionsfor Accelerated Learning , in Machine Learning:

Proceedings of the Eleventh International Conference , William W. Cohen and Haym Hirsh, eds.

Morgan Kaufmann Publishers, 181-189.

3. J. del R. Millán , 1996 . Rapid, Safe and Incremental Learning of Navigation Strategies, Special Issue on Learning Autonomous Robots, M. Dorigo Guest Editor, IEEE Trans. on Systems, Man and

Cybernetics - part B , Vol. 26, No. 3, 408-420.

4. John Moody and Christian J. Darken , 1989 . Fast Learning in Networks of Locall y-Tuned Processing

Units, Neural Computation, 1 , 281-294.

5. Jürgen Schmidhuber , Jieyu Zhao , Nicol N. Schraudolph , 1997 . Reinforcement Learning with Self-

Modifying Policies, in Learning to Learn , Ed. byS.Thrun and L. Pratt, Kluwer Publishers, 293-309.

6. Richard S. Sutton , 1988 . Learning to Predict bythe Methods of Temporal Differences, Machine

Learning, 3 , 9-44

7. Christopher John Cornish Hellaby Watkins , 1989 . Learning from delayed rewards , Ph.D. Thesis,

King´s College, UniversityLibraryCambridge.