Learning and generalisation in a stable networkAnthony Robins1 and Marcus Frean21Computer Science, The University of Otago, PO Box 56, Dunedin, New Zealand coscavr@otago.ac.nz2Electrical and Computer Engineering, University of Queensland, Brisbane 4072, Australiamarcusf@elec.uq.edu.auAbstractMost neural networks suffer from excessive plasticity, the learningof new information interferes with information already stored in thenetwork. In this paper we review the pseudorehearsal solution tothis problem proposed by Robins [1995]. By localising the changesto the function learned by the network pseudorehearsal allowsnetworks to be stable in the face of new learning, successfullyintegrating both new and previously learned information. In thispaper we explore the impact that this mechanism has on the abilityof the network to generalise.1 I n t r o d u c t i o n Ideally the representations developed by a learning systemshould be stable enough to preserve important informationover time, but plastic enough to incorporate new informationwhen necessary. The use of variable connection weights as amedium for encoding information leads most ANNs to err onthe side of excessive plasticity —˚new learning changes theweights and thus disrupts any old information (patternspreviously learned by the network). Grossberg [1987]suggests the analogy of a human trained to recognise theword �cat�, and subsequently to recognise the word �table�,being then unable to recognise �cat�. This effect has beenidentified in many guises in the ANN literature underheadings such as catastrophic forgetting, catastrophicinterference, or the serial learning problem. It is due to thecatastrophic forgetting problem that most ANN learningalgorithms are based on �concurrent� learning, i.e. the wholepopulation of interest is presented and trained as a single,complete entity. Training is then �finished� and no furtherinformation is learned by the network.To be restricted to concurrent learning is undesirable inpractical terms, making it very difficult to modify or extendany given ANN application without completely retraining thenetwork (compared with a traditional rule based systemwhere information or rules can easily be added to or removedfrom the system). It is also a highly implausible constraintfor ANN based cognitive models, where so much of humanlearning is clearly sequential or incremental in nature.Ideally a solution to the catastrophic forgetting problemwould facilitate the training of ANNs in a �sequential� orcumulative way, allowing new information to be learned by anetwork at any time. In this paper we briefly review thepseudorehearsal method proposed by Robins [1995] andextended in [Robins, 1996; Frean and Robins, 1997; French,1997; Robins and McCallum, 1997], which provides apractical and interesting solution to the catastrophicforgetting problem. We then explore the impact of thepseudorehearsal mechanism on generalisation. 2 C a t a s t r o p h i c F o r g e t t i n g A number of recent studies have used back-propagation typenetworks to highlight the problem of catastrophic forgettingand explore various issues [McCloskey and Cohen, 1989;Hetherington and Seidenberg, 1989; Ratcliff, 1990; Murre,1992; French, 1992, 1994, 1997; Lewandowsky and Li,1995; Sharkey and Sharkey, 1995; Robins, 1995, 1996;Frean and Robins, 1997]. Typical illustrations of theproblem use a back-propagation network to learn apopulation of items (input / output vector pairs) in the usualway [Rumelhart et al., 1986]. Subsequently a new item orpopulation of items is learned. The effect of this newlearning on the original population can be illustrated by re-testing the original population. The error of the oldpopulation of items typically increases �catastrophically�after learning even a single new item.Following Frean and Robins [1997] in this paper we willinitially present the catastrophic forgetting effect in adifferent way, focusing directly on the the function learnedby the network. To do this we use a simple architectureconsisting of a single input unit, 20 hidden units, and a singleoutput unit (with a learning constant of 0.05, a momentum of0.9, and an error criterion of 0.001). The initial populationconsists of 6 items (input value / output value pairs), whichcan be plotted as data points in two dimensions. Aftertraining we can plot the function learned by the network bysystematically sampling the space of possible input values.As expected this function passes through the population datapoints, see Fig. 1(a)1. To illustrate catastrophic forgettingwe now train the network on a single new item. Fig. 1(b)shows the resulting function, which correctly fits the newitem data point. Notice however that this function no longerfits the initial data points at all (the original population inputswill not generate the correct outputs). After learning just asingle new item catastrophic forgetting has occurred.A range of solutions to catastrophic forgetting have beenexplored in the studies noted above, focusing in particular on

1This network architecture and training population have beenchosen so as to reduce the learning task to its simplest possibleconditions and allow us to visualise the function learned by thenetwork as a two dimensional graph. We intend this as anapproximation of typical ANN learning tasks, where in generala network with a large number of free parameters (weights) isused to learn a smaller number of training items that define afunction over some (multi-dimensional) input space.

either reducing the overlap of hidden unit representations, orrehearsing old items as new items are learned (see Frean andRobins [1997] for a brief review). Rehearsal based methodsare the most directly effective, with �broad but shallow�rehearsal regimes (rehearsing many old items as each newitem is introduced but not necessarily training them tocriterion) producing particularly good results. Using such aregime we can solve the catastrophic forgetting problemshown in Fig. 1(b) and learn a function that fits both the oldpopulation and the new item data points. The obviouslimitation of rehearsal based methods, however, is that theyrequire access to the population on which the network wasoriginally trained. This may be impractical [Sharkey andSharkey, 1995], particularly in the case of possible cognitivemechanisms. In any case, retaining old items for rehearsal inmemory seems somewhat artificial, as it requires that they beavailable on demand from some other source, which wouldseem to make the memory itself redundant!3 T h e P s e u d o r e h e a r s a l S o l u t i o n The catastrophic forgetting problem can also be solved usingpseudorehearsal [Robins, 1995]. This mechanism is similarto rehearsal, but it does not require the storage and access ofold information. In other words we can get the benefits ofrehearsal even when we do not have the original populationto rehearse! The method is based on the use in the rehearsalprocess of artificially constructed populations of�pseudoitems� instead of the previously learned itemsthemselves.A pseudoitem is constructed by generating a new inputvector at random (setting input unit values randomly in therange 0 to 1), and passing it forward through the network inthe standard way. Whatever output vector this inputgenerates becomes the associated target output. For a givennetwork we can construct a population of pseudoitems (input/ output pairs) of any size in this way. Pseudorehearsal is theuse in a rehearsal process of a population of pseudoitemsinstead of the actual previously learned items themselves. Inother words, rehearsal relearns the old population data pointsto preserve the shape of the function during subsequentlearning, while pseudorehearsal samples the function atrandom places to construct new data points which are thenrelearned in the same way to preserve the original function.The pseudoitems �approximate� the old population and �mapout� the function learned by the network. Relearning thepseudoitems restricts any change in the function to be localto the area of the new item(s) being learned. Frean andRobins [1997] extend this account, providing a moretechnical description of pseudorehearsal and a formalanalysis of a simple case for a linear network.The effectiveness of pseudorehearsal at reducingcatastrophic forgetting has been proven using a range ofpopulations, including: randomly constructed autoassociativeand hetroassociative data sets [Robins, 1995]; the Iris dataset [Robins, 1996]; a classification task using the Mushroomdata set [French, 1997]; and an alphanumeric character setusing a Hopfield type network [Robins and McCallum,1997]2.

2The Iris and Mushroom data sets are taken from [Murphy andAha, 1994].

pseudoitems through the rehearsal buffer also has someuseful properties. Without this rotation a buffer containing afixed set of pseudoitems would use (for each new item)fewer pseudoitems more frequently, and would thus be proneto �over-fitting� these pseudoitems and to conflicts whenpseudoitems fall very close to the new item.It is important to note that pseudorehearsal does notpreserve the weights of a network, these can changedramatically during learning. The method works directly atthe level of the function embodied by the network. The oldpopulation function is preserved, and changes necessary toaccommodate the new item are restricted to being local tothe region of the new item. This localisation of changes tothe function is the essence of the pseudorehearsal method.These and other issues are pursued in more detail in Freanand Robins [1997] and Robins [1995].4 P s e u d o r e h e a r s a l a n d G e n e r a l i s a t i o n Generalisation is based on smooth interpolations (and, lessreliably, extrapolations) of and between training data pointsin the function learned by the network. We might expect,therefore, that restricting changes to the function to areaswhich are local to each new item learned will have adetrimental effect on the ability of the network to generalise.The main focus of this paper is to undertake an initialinvestigation of this hypothesis.In the following experiments we use the Iris data set[Murphy and Aha, 1994] consisting of 150 items (specificplants as characterised by four real valued measures), whichfall in to three classes (distinct species of iris) of 50 itemseach. We use two training populations, A and B, each drawnfrom a specific class, and corresponding generalisationpopulations, A-gens and B-gens, drawn from the same twoclasses. The network is a 4:3:4 autoassociative back-propagation net with a learning constant of 0.05 and amomentum constant of 0.9. Populations are trained to acriterion of 0.01 using an average of the sum of the squarederrors. Results reported for each of the simulations beloware averaged over 25 individual replications.Generalisation performance typically varies with the sizeof the population. In order to test performance in detail,therefore, the following simulations use training populationsA and B ranging in size from 1 to 15 items. Thegeneralisation populations always consist of 20 items.As a baseline condition we wish to test the network’sunderling capacity to learn and generalise the populations ofinterest. We train the network on a combined training set ofthe A and B populations, and subsequently test it on A, B, A-gens and B-gens. Fig. 2 shows the performance of thenetwork (note, for a range of sizes for populations A and B).We can see that although the combined A and B was trainedto an average criterion of 0.01, when tested separately A hasa slightly higher error, and B slightly lower (for allpopulation sizes). In both cases the ability of the network togeneralise improves as the size of the population increases,as expected. For these particular classes of iris, however, Adoes not generalise as well as B. Using this baselinemeasure of the networks capacity we can now exploreconditions where the populations are learned sequentially,using standard learning and using pseudorehearsal.

Size of training populations

Error00.050.100.1513579111315

AB A-gen

B-genFig. 2. Learning populations A and B as a single group.

1.01.5

00.050.1013579111315

00.0513579111315

Size of training populations00.0513579111315

B-gen

ErrorFig. 3 Learning population A followed by population B.(Note the two different scales on the y axis).

Size of training populations

Error00.050.100.1513579111315

AB A-gen

B-genFig. 4 Learning population A followed by population Bwith pseudorehearsal.Sequentially learning the populations using standardmethods illustrates the catastrophic forgetting effect. Wetrain the network to criterion A, and then train it to criterionon B in the usual way. Fig. 3 shows the performance of thenetwork when subsequently tested on A, B, A-gens and B-gens. Performance on A and A-gens has been reduced toeffectively random levels by the subsequent learning of B.

Note that performance on B and B-gens is almost identical tothe case illustrated in Fig.1.Sequentially learning the populations usingpseudorehearsal illustrates both the protective effect on A,and also interesting consequences for the network�s ability togeneralise. We train the network to criterion A, and thentrain it to criterion on B using pseudorehearsal. Specifically,before the learning of B begins we generate a population of256 pseudoitems. The items of the B population are thenlearned not alone, but in combination with three times asmany pseudoitems randomly selected from the population ofpseudoitems for each epoch. (In other words, if the size ofthe B population is 2 then every epoch 6 pseudoitems areincluded in the training set). After B has been trained tocriterion we can test the network on A, B, A-gens and B-gensin the usual way. In Fig. 4 we can see that the use ofpseudorehearsal has done an excellent job of preservingperformance on A and A-gens (cf normal learning illustratedin Fig. 3). B is trained to criterion as expected. Of particularinterest is performance on B-gens. This has sufferedsomewhat compared to the other training methods (Figures 2and 3).From Fig. 2 we know that the network has the capacity tolearn both A and B with a certain level of performance on B-gens. From Fig. 3 we know that learning B after A does notitself impact on this generalisation, performance on B-gens ispractically identical in the concurrent and sequential cases.The reduced performance on B-gens in Fig. 4 must be aconsequence of the pseudorehearsal process. Specifically,we suggest that it arises because pseudorehearsal forceschanges made to the function to be local to the new itemslearned, rather than unconstrained as is the case with normallearning.5 D i s c u s s i o n Catastrophic forgetting is a very basic consequence of aplastic representing medium, and most ANNs are vulnerableto this problem. Consequently most learning algorithmsinvolve learning all information of interest concurrently. Byconstraining changes to the function to be local to the newitem(s), pseudorehearsal provides a useful solution to thisproblem that allows new information to be learned at anytime (without needing access to old information to rehearse).We have previously claimed [Robins, 1996] that, unlikeother proposed solutions to the catastrophic problem,pseudorehearsal has no detrimental effect on the ability ofthe network to generalise. This claim was based on largepopulations where performance is generally good. In thispaper we have explored generalisation in more detail,considering a range of population sizes. We have shown thatlocalising changes to the function does in fact have a slightlydetrimental impact on generalisation, especially for smallpopulations. It remains to be seen if this proves to be asignificant problem in practical applications.R e f e r e n c e s [Frean and Robins, 1997] Frean,M. and Robins,A.V.Catastrophic Forgetting: A Review and an Analysis of ThePseudorehearsal Solution. (Tech. Rep. AIM-36-97-2).Otago, New Zealand: Otago University, Department ofComputer Science. (Submitted to Network)[French, 1992] French,R.M. Semi-distributed Rep-resentations and Catastrophic Forgetting in ConnectionistNetworks. Connection Science, 4, 365 - 377.[French, 1994] French,R.M. Dynamically ConstrainingConnectionist Networks to Produce Distributed, OrthogonalRepresentations to Reduce Catastrophic Interference.Proceedings of the 16th Annual Cognitive Science SocietyConference. Hillsdale, NJ: Earlbaum, 335 - 340.[French, 1997] French,R.M., Interactive ConnectionistNetworks: An Approach to the �Sensitivity-Stability�Dilemma. Connection Science, in press.[Grossberg, 1987] Grossberg,S. Competitive Learning:From Interactive Activation to Adaptive Resonance.Cognitive Science, 11, 23 - 63.[Hetherington and Seidenberg, 1989] Hetherington,P.A. andSeidenberg,M.S., Is There �Catastrophic Interference� inConnectionist Networks? Proceedings of the EleventhAnnual Conference of the Cognitive Science Society.Hillsdale NJ: Lawrence Earlbaum, 26 - 33.[Lewandowsky and Li, 1995] Lewandowsky,S. and Li,S.,Catastrophic Interference in Neural Networks: Causes,Solutions, and Data. In Dempster,F.N. and Brainerd,C.(Eds.) Interference and Inhibition in Cognition. San Diego:Academic Press, 329 - 361.[McCloskey and Cohen, 1989] McCloskey,M. andCohen,N.J., Catastrophic Interference in ConnectionistNetworks: The Sequential Learning Problem. In Bower,G.H.(Ed.) The Psychology of Learning and Motivation: Volume23. New York: Academic Press, 109 - 164.[Murphy and Aha, 1994] Murphy,P.M. and Aha,D.W., UCIRepository of Machine Learning Databases [http://www.ics.uci.edu/~mlearn/MLRepository.html]. Irvine, CA:University of California, Department of Information andComputer Science.[Murre, 1992] Murre,J.M.J., Learning and Categorization inModular Neural Networks. Hillsdale, NJ: Earlbaum.[Ratcliff, 1990] Ratcliff,R., Connectionist Models ofRecognition Memory: Constraints Imposed by Learning andForgetting Functions. Psychological Review, 97, 285-308.[Robins, 1995] Robins,A.V. Catastrophic Forgetting,Rehearsal, and Pseudorehearsal. Connection Science, 7, 123- 146.[Robins, 1996] Robins,A.V. Consolidation in NeuralNetworks and in the Sleeping Brain. Connection Science, 8,259 - 275.[Robins and McCallum, 1997] Robins,A.V. andMcCallum,S., Pseudorehearsal in Hopfield Type Networks(Tech. Rep. AIM-36-97-3). Otago, New Zealand: OtagoUniversity, Department of Computer Science. (Submitted toConnection Science)[Rumelhart et al., 1986] Rumelhart,D.E. Hinton,G.E. andWilliams,R.J., Learning Internal Representations by ErrorPropagation. In Rumelhart,D.E., McClelland,J.L. and thePDP Research Group, Parallel Distributed Processing:Explorations in the Microstructure of Cognition, Volume 1:Foundations. Cambridge MA: MIT Press.[Sharkey and Sharkey, 1995] Sharkey,N.E. andSharkey,A.J.C., An Analysis of Catastrophic Interference.Connection Science, 7, 301 - 329.