(To appear in the Proceedings of the 16th Annual Cognitive Science Society Conference)Dynamically constraining connectionist networksto produce distributed, orthogonal representationsto reduce catastrophic interferenceRobert M. FrenchWillamette University, Salem, OR 97301french@willamette.eduAbstractIt is well known that when a connectionist network istrained on one set of patterns and then attempts to add newpatterns to its repertoire, catastrophic interference mayresult. The use of sparse, orthogonal hidden-layerrepresentations has been shown to reduce catastrophicinterference. The author demonstrates that the use of sparserepresentations may, in certain cases, actually result inworse performance on catastrophic interference. Thispaper argues for the necessity of maintaining hidden-layerrepresentations that are both as highly distributed and ashighly orthogonal as possible. The author presents alearning algorithm, called context-biasing, thatdynamically solves the problem of constraining hidden-layer representations to simultaneously produce goodorthogonality and distributedness. On the data tested forthis study, context-biasing is shown to reduce catastrophicinterference by more than 50% compared to standardbackpropagation. In particular, this technique succeeds inreducing catastrophic interference on data where sparse,orthogonal distributions failed to produce anyimprovement.IntroductionIt is well known that when a connectionist network istrained on one set of patterns and then attempts to add newpatterns to its repertoire, catastrophic interference � in otherwords, the complete loss of all of its previously learnedinformation � may result (Ratcliff, 1989; McCloskey &Cohen, 1990; Hetherington & Seidenberg, 1989). Thistype of radical forgetting is not only psychologicallyimplausible � learning the names of three new people doesnot cause us to forget the names of everyone else we haveever met � but also poses significant problems forapplications-oriented uses of connectionist networks.French (1991) suggested that catastophic forgetting wascaused by overlapping (i.e., non-orthogonal) patterns ofactivation at the hidden layer. A learning technique, calledactivation sharpening, was proposed that reduced this overlapby creating �sparse� representations (i.e., representationsconsisting of a few highly active nodes and many nodes withactivation levels close to 0). This technique did produce asignificant decrease in catastrophic forgetting. A number ofauthors (Murre, 1992; McRae & Hetherington, 1993) alsodeveloped techniques that resulted in improvedorthogonalization of representations at the hidden layer andthey, too, observed similar decreases in catastrophicinterference. Lewandowsky & Goebel (1991) developed atechnique for orthogonalization of input vectors that alsoresulted in improved orthogonality of representations at thehidden layer. All of these techniques have been shown todecrease catastrophic interference.In this paper I will argue that increased orthogonality ofhidden-layer representations is only part of the story. Whenattempts to produce representational orthogonalityexcessively restrict of the distributedness of representations,there may be no reduction (or even an increase) incatastrophic forgetting compared to standard backpropagation(Figure 3).The necessity of orthogonality anddistributednessThe central claim of this paper is that, in order to reducecatastrophic interference, learning algorithms forconnectionist networks must dynamically produce hidden-layer representations that are, insofar as possible, both:¥ highly orthogonal and¥ highly distributed across the hidden-layer.I will introduce a simple recurrent learning algorithm,called context biasing, that produces hidden-layerrepresentations that satisfy both of these constraints. Totest this algorithm, I selected a data set for which sparserepresentations, even though highly orthogonal, failed toreduce catastrophic forgetting (and in many cases aggravatedit). Context biasing was found to reduce catastrophicforgetting for this data by more than 50% compared tostandard backpropagation.Orthogonalization using activationsharpeningActivation sharpening (French, 1991) reduced catastrophicinterference by producing sparse hidden-layer representations.The technique is best explained by considering one-nodeactivation sharpening. On each input/teacher presentation P,there is first a standard feedforward—backpropagation pass.Then the same input pattern is then fed forward from theinput layer to the hidden layer, producing a particularactivation pattern at the hidden layer � the "natural" hidden-unit representation. A "target" hidden-layer representation isthen created by slightly increasing the activation of thesingle most active node and decreasing the activation of allof the other nodes. The difference between the "target" and the "natural" hidden-layer representations serves as an errorsignal analogous to the output/teacher error signal instandard backpropagation. This hidden-layer error isbackpropagated from the hidden layer to the input layer,changing the input-to-hidden-layer weights appropriately.Under this "backpropagation-plus-halfpropagation"technique, the hidden unit representations are gradually"sharpened", with each representation consisting of onehighly active node and the other nodes having very littleactivity. k-node sharpening involves modifying hidden-unitrepresentations by increasing the activation of the k mostactive nodes (instead of only the single most active node inone-node sharpening), and decreasing the activation of theothers.French (1991), Murre (1992) and Lewandowsky & Goebel(1991) have shown that this technique was effective inreducing activation overlap among hidden-layerrepresentations which, in turn, decreased catastrophicforgetting. Unfortunately, all of the databases used to testthis particular orthogonalization technique were very small.Problems became apparent only when I attempted to use thetechnique on a significantly larger database.Problems with sparse representationsThe problem with orthogonalizing techniques that rely onsparse representations is that, while this may indeed producethe desired orthogonality among hidden-layer representations,they also reduce the effective dimensionality of the hidden-layer "representation space" (i.e., decrease the number ofpatterns that can be encoded by the hidden layer).If a network has ten hidden units and one-node sharpeningis implemented, for example, each hidden-unit representationwill gradually be forced to have one unit with an activationclose to 1 while the remaining nine units will have little orno activation. This means that, effectively, only ten distincthidden-layer representations are possible. Therefore, iffifteen different categories of patterns are to be learned, thenetwork will have great difficulty accomodating all of themin its hidden-layer representation space. This will mean thatthe network will invariably take a long time to converge,and probably will not converge at all. The unavoidableconclusion is that networks with sparse hidden-layerrepresentations have a diminished capacity to categorize.This becomes a problem when the number of differentclassifications that the network must make exceeds thenumber of possible representations at the hidden layer.Lewandowsky & Goebel (1991) and Lewandowsky &Shu-Chen (1993) have claimed that the ability of a networkto generalize remains basically unaffected in networks thatachieve representational orthogonality by activationsharpening (or any other technique that produced sparserepresentations consisting of a few highly active nodes andmany completely inactive nodes). However, the situationturns out to be somewhat more problematic. Lewandowskyet al. showed that overall levels of activation on output arelargely unaffected by the use of sparse, orthogonal hidden-layer representations and from this they concluded that theability of the network to generalize would not be affected.The difficulty is that, while sparse orthogonalizationtechniques may not change the overall level of activation,the patterns of output activation are radically modified. Asthe following examples show, the use of sparse orthogonalrepresentations does result in information loss across thehidden layer and, ultimately, impairs the network’s abilityboth to categorize and to discriminate among disparate inputpatterns.Consider a 6-2-3 backpropagation network that mustlearn the following three associations:110000 �> 100;001100 �> 010;000011 �> 001.The standard backpropagation network can easily learn thesethree pairs. But if, instead of allowing the activations inthe hidden layer to range freely from 0 to 1, assume thatonly two hidden-layer representations are allowed � namely,0 1 and 1 0? (This would be the theoretical result of one-node activation sharpening in this case.) Now the networkmust learn all three associations with only two orthogonalhidden layer representations and it will fail to converge.Now, let us consider the problem of pattern discriminationusing a slightly different example. Assume we have an 8-3-5 network and we want it to learn three patterns:11110000 �> 10000;00111100 �> 00100;00001111 �> 00001.The network then learns these patterns with orthogonalizedhidden-layer vectors 1 0 0, 0 1 0, and 0 0 1. This willcause three of the hidden-to-output weights to have highpositive values, and all of the others to have high negativevalues (Fig. 1).

bold wts >> 0;other wts << 0

Figure 1. The effects on the hidden-to-output weights ofone-node sharpeningForcing the hidden-layer representations into the three all-or-nothing representations above has the effect of causingthree of the hidden-to-output weights (those indicated in boldin Figure 1) to be very large, while all of the others willhave large negative values. With these orthogonalizedhidden-layer vectors, the second and fourth output nodes willeffectively cease to participate in the output, since theiractivation levels will remain unchanged regardless of theinput. This means that the network will produce "3-dimensional" output for all input patterns (Figure 2). Astandard backpropagation network, on the other hand, willproduce a much richer, 5-dimensional output responsepattern for each of the new input vectors. Collapsing fiveoutput dimensions to three means that some of the patterns that could have been discriminated by the standard networkwill no longer be discriminated by the orthogonalizednetwork. For this reason, it is necessary to relax theconstraints on orthogonality. To produce output that isbetter than 3-dimensional, we must have hiddenrepresentations that are not always orthogonal. However, ifwe completely renounce attempts at orthogonality, severeforetting will result. An orthogonalization process thatensures that as large a number of nodes as possible willparticipate in the representations should have the desiredeffect of reducing catastrophic interference withoutcompletely crippling the network�s ability to generalize,categorize, etc. But is it possible to achieve a high degree ofboth distributedness and separation of hidden-layerrepresentations?

These nodes no longer effectively participate in the output bold wts >> 0;other wts << 0Figure 2. Restricting the dimensionality of hidden-layerrepresentations decreases the dimensionalityon the output layer Testing sparse, orthogonalrepresentations on a larger data setIn order to further study the use of sparse orthogonalizedrepresentations, I used data from the 1984 CongressionalVoting Records (Murphy & Aha, 1992). The voting recordsof each member of Congress, along with his or her partyaffiliation, is given in this database. I trained a 16-10-1feedforward backpropagation network to associate 50different voting patterns with party affiliation. I theninvented a small set of ten "maverick" members ofCongress, members who, on six key issues, voted likeDemocrats but declared themselves to be Republicans orvice-versa. I had the network learn this new set and, asexpected, when I tested its performance on the original set offifty associations, the network had completely forgottenthem. I then retested the network for savings. The speedwith which the network relearned the original data was usedto measure how completely the network had forgotten theoriginal data.When sparse representations were used, the networkperformed significantly worse than when it used more highlydistributed representations (Figure 3.) The reason for thiscan be seen by looking at the average hidden-layer activationprofiles for Democrats and Republicans produced by two-node sharpening (Figure 4). (These were made from onehundred separate runs of the network on the original data setof 50 members of Congress.) Even though averageactivation overlap between the two vectors is low because ofa large number of shared inactive nodes, the amount offorgetting remains high. Notice, however, that all of theoverlap occurs over a very small number of nodes. Thus,when the weights associated with these nodes change, thiswill disturb the prior representations for both Democrats andRepublicans. Since only a few nodes are actuallycontributing activation, when the weights associated withone of these active nodes change significantly, very fewother active nodes can "come to the rescue" and compensatefor the changes to the other weights.

020406080

EpochsBP123456789No. of hidden nodes sharpenedRetraining

TrainingFigure 3. Training and retraining times for standardbackpropagation versus sharpeningWhat we should see is that when activation patterns ofrepresentations are well distributed and well separated,relearning time should drop. As we can see in Figure 3,four-node sharpening, in which the representations arerelatively well distributed (and reasonably well separated),causes retraining time to drop to what it was for standardbackpropagation. Although the discussion is beyond thescope of this paper, it turns out that the amount ofseparation among competing representations is a very goodpredictor of catastrophic interference: the greater theseparation, the less the forgetting. The reason that using theamount of activation overlap worked in some cases topredict catastrophic forgetting is quite simple: highrepresentational separation implies low overlap (but notnecessarily vice-versa). So in many cases, reducing overlapat the hidden layer appeared to be the cause of reducedcatastrophic interference, but in reality, representationalseparation also increased, the latter being the actual cause forimproved performance on catastrophic forgetting. As theVoting Records database example shows, decreasing overlapby using sparse representations is not always sufficient toreduce catastrophic forgetting; increased separation ofrepresentations is. (In fact, any time the non-zero activationlevel of some node is the same for all representations, thatnode becomes, in effect, a bias node, i.e., a node whoseactivation level, usually 1, remains unchanged for allinputs.)

00.250.50.751

Activation

1

2

3

4

5

6

7

8

9

10Hidden node no.Republican

DemocratFigure 4: Two-node sharpened representationsContext biasingContext biasing produces precisely the kind ofrepresentations that are both well distributed and wellseparated. The technique requires the network to be able toremember both the previous teacher pattern and the previoushidden-layer representation. When a new pattern is presentedto the network, it is fed forward through the network,whereafter the weights are changed according to the standardbackpropagation algorithm. The difference, measured interms of the average Hamming distance, between the newteacher and the previous one is computed. (Given two k-bitvectors, the average Hamming distance between them isthe number of bits that must be changed to transform onevector into the other divided by k.) The hidden-layerrepresentation for the new association is then compared tothe corresponding representation for the prior association.The new representation is then "separated" from the priorrepresentation according to the following separation rule:Modify the activation, A, of each node of the new representation as follows:if Anew ‡ Apreviousthen Anew = Anew + ab(1- Anew);if Anew < Apreviousthen Anew = (1- ab) Anewwherea = Hamming distance between the previous and the new teacher patterns;b = biasing coefficient (usually 0.5 or 0.2)This new "context-biased" representation (i.e., the �target�hidden-layer representation) is then "locked into" the input-to-hidden weights by backpropagating from the hidden layerto the input layer an "error signal" consisting of thedifference between the "natural" hidden-layer representationand the corresponding "context-biased" (target)representation. This "locking-in" technique is discussed in(French 1991).newteacher1 a =Hamming distance = 1 new input0previous inputpreviousteacher

.4.3.8

.9.1.4

Separate the new representationfrom the previous one based on the size of a: the greater a, the greater the separation.

New context-biased representation: .92 .08 .32Figure 5. Modifying hidden-layer representations with context-biasingResultsFigure 6 below shows hidden-layer representation profilesfor Democrats and Republicans that are produced withstandard backpropagation. (Data was collected over 100 runsof the program using a 16-10-1 network with a learning rateof 0.2 and momentum of 0.9.). Notice that, while therepresentations for Democrats and Republicans are welldistributed, they are not particularly well separated.On the other hand, when context biasing (b = 0.2) is used(Fig. 7), significantly different representation profiles result.Notice that the distributions for both Democrats andRepublicans are not only well distributed across theentirehidden layer, but they are also well separated. If theabove analysis is correct, we should therefore see asignificant reduction of catastrophic forgetting with respectto backpropagation. As the results in Figure 8 show, thatisindeed what happens. We get over a 50% reduction inrelearning time when the context-biasing is used.

00.250.50.751

Activation

1

2

3

4

5

6

7

8

9

10Hidden node no.Republican

DemocratFigure 6. Hidden-layer representation profiles withbackpropagationFor similar reasons � reduced interference during learning� context-biased networks also train up somewhat morequickly. Finally, preliminary work suggests that thereduction in relearning times is largely unaffected by theorder of presentation of the data. In one experiment, allRepublicans were presented to the network, followed by allDemocrats and relearning times remained similar to thoseindicated in Figure 8.

1

2

3

4

5

6

7

8

9

DemocratFigure 7 . Hidden-layer representation profiles with context-biasingConclusionsThis paper addresses the fundamental problem of stabilityand sensitivity in learning. How can neural networks bedesigned to easily acquire new information withoutdisturbing old, well-learned information � something wehumans do so easily? Perhaps it will ultimately benecessary to develop tandem systems of neural networkswith one �neocortical� network for storing well-rehearsedconcepts and another �hippocampal� network to handle newinput and to serve as a teacher to the neocortical network.French (1994) has developed such a two-system network andMcClelland, McNaughton, & O�Reilly (1994) have alsoargued for the necessity of this type of two-tiered system.

051015202530

EpochsContext-biasBPRetraining

TrainingFigure 8. A significant (> 50%) reduction inforgetting with context biasingHowever,the work presented in this paper suggests that atleast some of the advantages of a two-network system can beachieved in a single network by using context biasing toappropriately constrain the hidden-layer representationsduring learning. In particular, context biasing producesrepresentations that are both well distributed and asorthogonal as possible, thereby significantly reducingcatastrophic forgetting.AcknowledgmentsI would like to thank Jim Friedrich and David Lutz fortheir contribution to this research, as well as DavidChalmers and two reviewers for their helpful suggestions forthe final draft of the paper.ReferencesFrench, R. M. (1991) "Using semi-distributedrepresentations to overcome catastrophic forgetting inconnectionist networks" in Proceedings of the 13thAnnual Cognitive Science Society Conference. Hillsdale,NJ: Lawrence Erlbaum, 173-178.French, R. M. (1994). �Catastrophic forgetting inconnectionist networks: Can it be predicted, can it beprevented?� Summary of the NIPS-93 Workshop onCatastrophic Forgetting, In Cowan, J.D., Tesauro, G., &Alspector, J. (eds.) Advances in Neural InformationProcessing Systems 6. San Francisco, CA: MorganKauffmann (to appear).Hetherington, P. & Seidenberg, M. (1989) "Is there’catastrophic interference’ in connectionist networks?"Proceedings of the 11th Annual Conference of theCognitive Science Society. Hillsdale, NJ: Erlbaum, 26-33.Lewandowsky, S. & Goebel, R. (1991) "Gradual unlearning,catastrophic interference, and generalization in distributedmemory models" University of Oklahoma PsychologyDepartment Technical Report, presented at the 1991Mathematical Psychology Conference, IndianaUniversity, Bloomington, IN.Lewandowsky, S. & Shu-Chen Li (1993) "CatastrophicInterference in Neural Networks: Causes, Solutions, and

Data" in New Perspectives on interference and inhibitionin cognition F.N. Dempster & C. Brainerd (eds.). NewYork, NY: Academic Press (to appear).McClelland, J., McNaughton, B., & O�Reilly, R., Whythere are complementary learning systems in thehippocampus and neocortex. CMU Tech ReportPDP.CNS.94.1, March 1994.McCloskey, M. & Cohen, N. J. (1989). "Catastrophicinterference in connectionist networks: The sequentiallearning problem" The Psychology of Learning andMotivation, 24, 109-165.McRae, K. & Hetherington, P. (1993) "Catastrophicinterference is eliminated in pretrained networks"Proceedings of the 15h Annual Conference of theCognitive Science Society. Hillsdale, NJ: Erlbaum.Murphy, P. & Aha, D. (1992). UCI repository of machinelearning databases. Maintained at the Dept. ofInformation and Computer Science, U.C. Irvine, Irvine,CA.Murre, J. (1992) "The effects of pattern presentation oninterference in backpropagation networks" in Proceedingsof the 14th Annual Conference of the Cognitive ScienceSociety. Hillsdale, NJ: Erlbaum.Ratcliff, R. (1990) Connectionist models of recognitionmemory: constraints imposed by learning and forgettingfunctions, 97, 285-308.