Heuristic Learning based on Genetic

Programming

Nicole Drechsler, Frank Schmiedle, Daniel Große, Rolf Drechsler

Institute of Computer Science

Chair of Computer Architecture (Prof. Bernd Becker)

Albert- Ludwigs-University

79110 Freiburg im Breisgau ndrechsl@informatik.uni-freiburg.de

Abstract. In this paper we present an approach to learning heuristics based on Genetic Programming (GP). Instead of directly solving the problem by application of GP, GP is used to develop a heuristic that is applied to the problem instance. By this, the typical large runtimes of evolutionary methods have to be invested only once in the learning phase. The resulting heuristic is very fa st. The technique is applied to a field from the area of VLSI CAD, i.e. minimization of Binary Decision

Diagrams ( BDDs). We chose this topic due to its high practical relevance and since it matches the criteria where our algorithm works best, i.e. large problem instances where standard evolutionary techniques cannot be applied due to their large runtimes. Our experiments show that we obtain high quality results that outperform previous methods, while keeping the advantage of low runtimes.

1 Introduction

Decision Diagrams ( DDs) are often used in CAD systems for efficient representation and manipulation of Boolean functions. T he most popular data structure is the Binary

Decision Diagram (BDD) [Bry86]. Recently, several approaches in logic synthesis have been presented that make use of BDDs. (For an overview see [DB98].) One drawback of this data str ucture is that it is ver ysensitive to the variable ordering, i.e.

the size mayvar yfro mlinear to exponential. Finding the optimal variable ordering is a difficult problem[BW96] and the best kno wn algorithm has exponential runtime.

T his is the reaso n why in the last fe wyears manyauthors presented heuristics for finding good variable orderings. T he most pro mising methods are based on dynamic variable ordering [FMK91],[Rud93],[PS95]: BDDs for some Boolean functions have been constructed for which all other topologyoriented methods failed. New methods based on non-deter ministic algorithms have been proposed for BDD minimizatio n, e.g. genetic algorithms [DBG95] and simulated annealing [RBKM92],[BLW95]. T he major drawback of these approaches is that in general theyobtain good results with respect to qualityof the solution, but the running times are often much lar ger than those of classical heuristics. Due to the high co mp lexity of the design process in VLSI

CAD often fast heuristics are used. T hese heuristics are developed b ythe designer himself. But theyalso often fail for specific classes of circuits. T hus it wo uld help a lot, if the heuristics co uld learn fro mprevious examp les, e.g. fro m benchmark examples.

A theoretical model for learning heuristics b y Genetic Algorithms ( GAs) has been presented in [DB95]. T he newaspect of this model is that the GA is not directly applied to the problem. Instead the GA develops a good heuristic for the problemto be solved. First applications to multi-level synthesis and to 2-level AND/EXOR minimization have been presented. T here the model has not been fullyused, i.e. only a part of the features has been imp lemented. Extensions have been proposed in

[DGB96] and [DDB99], where learning of BDD heuristics has been studied based on

GAs. But due to the fixed length encoding these approaches also have so me disadvantages:

- T he length o f the heuristic is limited resulting in limitations with respect to quality.

- Decisio n procedures, like if-then-else, could not be integrated in the heuristics.

In this paper we present an approach to heuristic lear ning based on Genetic

Programming (GP) [Koz92],[Koz94]. Due to the more flexible encoding based on tree structures, the disad vantages of the GA approaches described above can be avoided, while keeping the advantages. T o keep the heuristic under develop ment as compact as possible, reduction operators are introduced. Compared to GAs more flexible operators are defined and integrated in the GP run. Experimental results demo nstrate the efficiency of the approach.

T he paper is structured as follo ws: In the next section the problemdefinition is given and the model of heuristic lear ning is described. T hen the solutio n based on GP is outlined and the ( genetic) operators are introduced. Experimental results are reported and finallythe paper is summarized.

2 Problem Description

In [DB95] a learning model has for mallybeen introduced for GAs. I n this sectio n we brieflyreview the main notatio n and definitions to make the paper self-contained.

Since the definitio n of the model is based on the evaluatio n of the fitness function only, it beco mes obvious that even though it has been developed for GAs, it can be transferred to GPs directly.

It is assumed that the problemto be solved has the following property: T here is defined a no n empty set of optimization procedures that can be applied to a given

(non-optimal) solution in order to further improve its quality. T hese procedures are called Basic Optimization Modules ( BOMs) in the follo wing. T he heuristics are sequences of BOMs. T he goal of the approach is to determine a good (or even optimal) sequence of BOMs such that the overall results obtained b ythe heuristics are improved. Fro mthe flexibility of the tree-like data str ucture in GPs we are later even able to define more po werful operators.

In the follo wing we assume that the reader is familiar with the basic concepts and notation of evolutionar yapproaches. In [DB95] and [DGB96], a multi-valued string encoding o f fixed length has been used, but this alread yb ydefinition limits the qualityo f the result. Due to the GP concept, there is in principle no limit o n the size of the resulting heuristics.

T he set of BOMs defines the set H of all possible heuristics that are applicable to the problemto be solved in the given environment. H mayinclude problemspecific heuristics b ut can also include rando mized techniques.

T o each BOM h we associate a cost function, i.e. a value that determines ho w expensive it is to call this module. T his value can be chosen dependent o n different criteria, like memor yconsumptio n or run time. Further more, the q uality function determines the qualityresulting fro mthe application of this mod ule. T hese two values determine the fitness o f the BOM. Summation over all BOMs in a heuristic determines the overall fitness. T he elements are evaluated on a set o f benchmar k examples, the so -called training set. T he multiple objectives are optimized in parallel bythe method described in [DDB99].

2.1 BOMs

Most of the algorithms that are used here as BOMs for heuristic learning are wellkno wn BDD minimization techniq ues T heyare based on d ynamic variable ordering.

Sifting (SIFT) is a local search operation for variable ordering of BDDs which allo ws hill climbing. Group sifting (GROUP) and symmetric sifting (SYMM) additionally make use o f symmetr y aspects o f the variables of the considered Boolean functio ns.

T he BOM window permutation of size 3 (4), denoted as WIN3 (WIN4), tests all permutatio ns of 3 (4) adjacent variables, where the windo wof size 3 (4) ^goes~ through the whole BDD fro mthe top to the bottomvariables. For all these techniques there is an additional BOM that iterates the method until conver gence is reached.

T hese BOMs are denoted bythe appendix CO, e.g. iterated sifting is denoted b y

SIFT CO. T he next BOM is called inversion (I) and inverts the variable ordering of a

BDD between t wo rando mlychosen variables. Finally, the set of BOM s contains an

^emp ty~ element, denoted as NOOP. In the GA approach this operator was used to model strings o f various sizes, while the underlying data str ucture was a fixed-length string. Using GPs this problemb ydefinition does not occur. Nevertheless, NOOP is important to describe a condition, e.g. it is possible to describe an IF-condition witho ut a statement in the E LSE -branch. T hese types of operators could not be introduced using Gas, underlining the flexibilityo f the approach introduced belo w.

For more details about the learning model, the definition o f BDD, and BOMs see

[DB95], [DGB96], and [DDB99].

3 GP Solution

For basic definitio ns of GP we refer to [Koz92],[Koz94]. In the follo wing onlythe problemspecific description is given.

3.1 Representation

For GP-based heuristic lear ning, heuristics are represented by trees with outdegree 2, i.e. each node has two outgoing edges. T he heuristics are the individuals generated during the evolutionar yprocess. T he trees include BOMs that are located at the leaf nodes. T here are three additional node types that cover all the inner nodes:

1. CONCAT : T he left son is evaluated and after wards the result is used to evaluate the right son.

2. IF: An IF node always co mes with a value x that represents a condition. T he left so n of this node is evaluated if the ratio (# symmetric variables / # variables in total) is smaller than x. Other wise, the right son is evaluated instead.

3. WHILE: T he procedure of subseq uent evaluation o f the left and the right son is iterated as long as it reduces the size of the BDD.

T here maybe CONCAT nodes at the leaves as well, while the types IF and WHILE can onlyoccur at inner nodes. T o evaluate a heuristic, the root of the corresponding tree has to be recursively evaluated b ya depth first search -based techniq ue.

If the root node is a leaf, then the BOM covering this leaf has to be applied to the

BDD. If the leaf is a CONCAT node, nothing has to be done. Notice, that algorithmic descriptions of a heuristic using IF- and WHILE -conditio ns are not possible with this learning model if a string representation in a GA is used. On the other hand, each string generated b ya GA can also be constructed using the GP approach.

3.2 Operators

For recombination of individuals d uring evolutio n, two crosso ver operators are provided:

1. CAT : T he root nodes of the parents are linked b ya new CONCAT node c.

Parent 1 becomes the left son and parent 2 beco mes the right so n of c. T he node c itself is the root of the o ffspring.

2. MERGE: T he operator extracts a sub-tree of parent 1 and one of parent 2 and combines these sub -trees b yan additional CONCAT node in the same way.

Bydefinition it is obvious that bloating can be observed if CAT is used, while

MERGE generates offspring with sizes that are similar to the parents’ size.

Additionally, four mutation operators are used:

1. B-MUT : A BOM leaf is selected at rando mand the BOM at this leaf is replaced bya different one.

2. CI-MUT : A rando mly selected inner CONCAT node is replaced byan IF node. T he value x is also determined at rando m.

3. CW-MUT : T his mutation is similar to CI, but the CONCAT node is replaced bya WHI LE node rather than an IF node.

4. IF-MUT : Value x is either incremented or decremented b y0.1.

3.3 Algorithmand Para meter Setting

In this sectio n we describe the parameter settings used in o ur GP. For the overall flo w standard techniques as described in [Koz92],[Koz94] are used.

First, 20 individ uals are generated for the initial populatio n. To keep the run time moderate, it turned out b yexperiments that it is clever to limit the number of BOM s in a heuristic. I n contrast to the GA approach, where fixed-length strings are used, in the GP approach this is not a strict limitatio n, since more powerful operators are available that allo wto describe complex constr ucts, like loops based on WHILE. T he initial elements are generated as follo ws: A tree with unlabelled nodes is traversed in a breadth first search manner, and each node is labeled with either IF (probability

20%), WHILE (15%) or BOM (65%). If a BOM is chosen, the sub-trees o f the node are eliminated and when the BOM limit is reached, all following nodes are labeled with CONCAT and their sub -trees are removed. T he individual is co mp lete when there are no unlabelled nodes any more.

In each generation, 10 offspring are generated. T he probabilities for the operators are given in the follo wing table:

operat or CA T M E RGE B CI CW IF

probabilit y 5 45 20 10 10 10

T wo parents are selected in the case of crossover and one in the case of mutation

byroulette- wheel-selection. T he operator is applied and afterwards, the fitness o f the

offspring is calculated. T he concept of multi-objective minimization [DDB99] is used

for that and the optimization criteria are the resulting BDD sizes on a training set o f

BDD benchmarks. E volution is aborted if either there has been no impro vement for

100 generations or a limit o f 1000 generations has been reached.

3.4 Size Reduction

T o prevent bloating, a limit on the number of BOMs in an individ ual is set. If this

limit is exceeded b ycrossover, the offspring is remo ved immediately and selection

and recombinatio n are repeated. Further more, a reduction mechanism has been

included. If the sub-tree of a node did not cause changes in BDD size for any of the

benchmarks in the training set, the node and its sub -trees are removed fro mthe tree

and replaced bya single CONCAT node since obviouslythis sub -tree does not

contribute anything to the minimization of one o f the benchmarks. It can be

determined efficiently during evaluatio n if there has been an influence of a sub -tree to

minimization, and b ythis reduction mechanism, sizes o f the individuals are reduced

considerablyon average. Further more, this has a positive effect on the quality of the

generated heuristics, since only parts are kept that have an effect on the q uality of the

result. T his guarantees that no run time is wasted b yapplication of BOMs that might

be expensive, but do not produce any(positive) change. In application in VLSI CAD

this is an important factor, since most of the tools are interactive.

4 Experimental Results

In this sectio n we describe our experimental results obtained b ythe methods above.

For all experiments we used a SUN Sparc 20 and all run times are given in CPU

seconds. T he results are compared with the GA approach from [DDB99] and the

experiments are carried out in the same software environment using multi-objective

optimization. For this, after each run a set of optimal (non comparable) solutions -

instead of a single element - is returned. T he same training set as in [DDB99] is

chosen d uring the learning p hase of the GP.

As a first result it can be observed that alread yver ysimple solutio ns give ver yhigh

qualityresults, e.g. the follo wing tree was contained in the final solutio n after the

learning phase, that took about 25 CPU minutes:

T he *denotes a node of type CONCAT . Further more, at each node so me program specific infor mation about the pointer str ucture is provided. T his simple heuristic obtains the follo wing results:

Genetic Progra mming [DDB99] na me in out size time size time optimal add6 12 7 28 0.25 28 0.10 28 addm4 9 8 163 0.18 163 0.10 163 cm85a 11 3 27 0.18 27 0.10 27 m181 15 9 54 0.27 54 0.20 54 risc 8 31 65 0.13 65 0.10 65 sum 337 1.01 337 0.60 average 67.40 0.20 67.40 0.12

T he name of the benchmar k is given in the first column followed b ythe numb er of inputs and outp uts. T hen the results for qualitymeasured in the size o f the BDD and the run time are given first for the GP approach and then for the approach of

[DDB99]. As can be seen, on the training set both approaches obtain the same results with respect to quality, i.e. both deter mine the optimal values. T he GP approach is slightly slo wer, but the situatio n changes, if the generated heuristic is applied to benchmarks that were unkno wn during the lear ning phase:

Genetic Progra mming [DDB99]

Na me in out size time size time optimal

5xp1 7 10 41 0.11 50 0.10 41 alu4 14 8 353 0.49 354 1.40 349 cm151.a 12 2 16 0.16 16 0.10 16 cm162a 14 5 30 0.17 37 0.10 29 cm163a 16 5 25 0.20 26 0.10 25

Cmb 16 4 27 0.16 27 0.10 27

Cu 14 11 31 0.18 31 0.10 31

Sqn 7 3 48 0.12 56 0.10 48

Gary 15 11 289 0.38 306 0.20 289 s1494 14 25 386 0.30 383 0.40 368

Tial 14 8 579 0.50 611 1.00 563

Sum 1825 2.77 1897 3.70

Average 165.91 0.25 172.45 0.34

In all but one case, the GP approach is at least as good as the GA. On average the qualityand run time are improved. T his could alreadybe observed for the simplest heuristic co mp uted that even did not make use o f the po werful operators, like WHILE and IF. Especiallyin the application o f heuristic learning it is important to develop heuristics that are not only good for the training set, but to constr uct sequences of

BOMs that generalize ver ywell. Since in later application of the heuristic in general the benchmar ks are not kno wn in advance, the GP result is of ver y high quality: T he

BDD sizes measured in number of nodes and the r un times are improved in parallel.

Due to space limitation, we cannot discuss all elements of the final solutio n in detail, but we will focus on some high-lights in the follo wing.

An element ver ysimilar to the first one in the final set is:

T his element is nearlythe same as the first one, but has the WHILE operator as top node. T hus, the sub-tree is called repeatedlyand bythis the quality can be further improved. Here it should be mentio ned that the use of WHILE in the root node might be ^dangero us~, since on bigger benchmar ks the run times can beco me ver ylarge.

T he WHILE implies that the co mp lete sub-tree is repeatedlycalled as lo ng as an improvement can be obtained. If the scenario is considered that the heuristics in the sub -trees always improve on the result o f the previo us iteratio n, but only ver y slightly, run times can explode. (In practice this has never been observed in our experiments, but this aspect should be considered when designing heuristics for application in

VLSI CAD.)

T he solutions can also beco me more co mplex:

T hen it is up to the user to decide for the specific application whether he is willing to invest more run time to get higher quality results. But as can be seen, all operators that are ^GP specific~, i.e. the po wer ful operators that cannot be described based on

GAs reallyoccur in the final solutio n (see examples above). T he heuristics beco me ver yco mpact and b ythis also easy to analyze and easy to understand for the user.

T he best solution with respect to quality measured in the number of BDD nodes found in this test run was:

T he sumo ver all nodes of the benchmar ks that were unkno wn during the learning phase was 1805.

In summar y, the GP approach clearlyoutper for ms the (highlyoptimized) GA that has been developed over several years. T he underlying data str ucture gives more flexibility and allo ws to define more po wer ful operators resulting in co mpact heuristics that obtain high q ualityresults.

5 Conclusions

In this paper we presented an approach to learning heuristics based on GPs. It became possible to generate flexible high-qualityheuristics that have ver yhigh perfor mance in co mparison to direct application of evolutio nar ytechniques. E xperimental results sho wed details about the learning phase and demonstrated the influence of the integration of decision procedures. T his became possible due to the underlying encoding as trees typicallyused in GPs, while this tur ned out to be a limitation o f the corresponding GA approach. It is focus of current wor k to stud y the multi-objective aspect of this application in more detail and to also applythe technique to further applications in the field of VLSI CAD.

References

[Bry86] R.E. Bryant. Graph-based algorithms for Boolean function manipulation.

IEEE T rans. on Co mp., 8:677-691, 1986.

[BW96] B. Bollig and I. Wegener. I mproving the variable ordering o f OBDDs is NPcomplete. IEEE T rans. on Comp., vol. 45, num. 9, pages 993-1002, 1996.

[BLW95] B. Bollig, M. Löbbing, and I. Wegener. Simulated annealing to improve variable orderings for OBDDs. In Int’l Workshop on Logic Synth., pages 5b:5.1-

5.10, 1995.

[DB95] R. Drechsler and B. Becker. Learning heuristics b ygenetic algorithms. I n

ASP Design Auto matio n Co nf., pages 349-352, 1995.

[DB98] R. Drechsler and B. Becker. BinaryDecision Diagrams -- T heor yand

I mplementatio n, Klu wer Academic Publishers, 1998

[DBG95] R. Drechsler, B. Becker, and N. Göckel. A genetic algorithm for variable ordering of OBDDs. In Int’l Workshop on Logic Synth., pages P5c:5.55-5.64,

1995.

[DDB99] N. Drechsler, R. Drechsler, and B. Becker. A new model for multi-objective optimization in evolutio nar yalgorithms. In Fuzzy’99, LNCS 1625, pages 108-117,

1999.

[DGB96] R. Drechsler, N. Göckel, and B. Becker. Learning heuristics for OBDD minimization b yevolutionar yalgorithms. In PPSN’96, LNCS 1141, pages 730-

739, 1996.

[FMK91] M. Fujita, Y. Matsunga, and T . Kakuda. On variable ordering o f binar y decision diagrams for the application of multi-level synthesis. In European Conf.

on Design Auto mation, pages 50-54, 1991.

[Koz92] J. Koza. Genetic Programming - On the Programming o f Co mp uters b y means of Natural Selection. MIT Press, 1992

[Koz94] J. Koza. Genetic Programming II ˘ Auto matic Discover yo f Reusable

Programs. MIT Press, 1994

[PS95] S. Panda and F. Somenzi. Who are the variables in your neighborhood. In Int’l

Conf. on CAD, pages 74-77, 1995.

[RBKM92] D.E. Ross, K.M. Butler, R. Kapur, and M.R. Mercer. Functional approaches to generating orderings for efficient symbolic representations. In

Design Auto mation Conf., pages 624-627, 1992.

[Rud93] R. Rudell. Dynamic variable ordering for ordered binar ydecision diagrams.

In Int’l Co nf. on CAD, pages 42-47, 1993.