Krusc hk Mo ellan Bene�ts of Gain, p. 19 [32] D. Psaltis M. Neifeld \The emergence of generalization in net orks with constrained represen tations." In: Pro ceedings of the IEEE In ternational Conference on Neural Net orks San Diego CA, 24-27 July 1988. Piscata NJ: IEEE Service Cen ter, v.I, pp.371-381. [33] A. Sandon L. M. Uhr \A lo cal in teraction heuristic for adaptiv net orks." In: Pro ceedings of the IEEE In ternational Conference on Neural Net orks San Diego CA, 24-27 July 1988. Piscata NJ: IEEE Service Cen ter, v.I, pp.317-324. [34] J. Sietsma R.J.F. Do w, \Neural Net Pruning Wh and Ho w." In: Pro ceedings of the IEEE In ternational Conference on Neural Net orks San Diego CA, 24-27 July 1988. Piscata NJ: IEEE Service Cen ter, v.1, pp.325-333. [35] G.E. Hin ton T.J. Sejno wski, \Learning and Relearning in Boltzmann Mac hines," in D.Rumelhart and J. McClelland (eds.), arallel Distributed Pro cessing: Explorations in the Microstructure of Cognition: olume Cam bridge MA, MIT Press, 1986. [36] G. Hin ton. \Deterministic Boltzmann learning erforms steep est descen in eigh t- space." Neural Computation 143-150, 1989. [37] C. eterson, J. R. Anderson. \A mean �eld theory learning algorithm for neural net orks." Complex Systems 995-1019, 1987. [38] C. eterson, E. Hartman. \Explorations of the mean �eld theory learning algo- rithm." Neural Net orks 475-494, 1989. [39] J. Lein bac h. \Automatic lo cal annealing." In: D. S. ouretzky (ed.), Adv ances in Neural Information Pro cessing Systems, San Mateo, CA: Morgan Kaufmann, 1989., pp.602-609. [40] S. Geman and D. Geman. \Sto hastic relaxation, Gibbs distributions, and the ba esian restoration of images," IEEE ransactions on attern Analysis and Mac hine In telli- gence 721-741, 1984. [41] C. Serv an-Sc hreib er, H. Prin tz, J. D. Cohen. \A net ork mo del of neuromo dulatory e�ects: Gain, signal-to-noise ratio, and eha vior." Science 249 892-895, 1990. [42] T. Kamatsu J. D. ettigrew. \Depletion of brain cathecolamines: ailure of cular dominance shift after neuro cular cclusion in kittens." Science 194 206-208, 1976. Krusc hk Mo ellan Bene�ts of Gain, p. 18 [17] J. R. Mo ellan. Computational Asp ects of Con tingency Detection: New Options from Connectionism. PhD dissertation. Departmen of Psyc hology Univ ersit of California at Berk eley 1989. [18] G. Hin ton. \Learning translation in arian recognition in massiv ely parallel net- ork." In: G. Go os and J. Hartmanis (eds.), Lecture Notes in Computer Science, olume I: arallel Arc hitectures and Languages Europ New ork: Springer-V erlag, 1987. [19] D. E. Rumelhart. \Learning and generalization." Plenary Address, IEEE In ternational Conference on Neural Net orks, San Diego, 1988. [20] A. S. eigend, B. A. Hub erman, D. E. Rumelhart. \Predicting the future: connectionist approac h." ec hnical Rep ort Stanford-PDP-90-01, Dept. of Psyc hology Stanford Univ ersit 1990. Also in In ternational J. Neural Systems (3). [21] M. A. ranzini, \Learning to recognize sp ok en ords: study in connectionist sp eec recognition." In: D. ouretzky G. Hin ton, T. Sejno wski (eds.), Pro ceedings of the 1988 Connectionist Mo dels Summer Sc ho ol pp.407-416. San Mateo, CA: Morgan Kaufmann, 1989. [22] J. K. Krusc hk e. \Impro ving generalization in bac k-propagation net orks with dis- tributed ottlenec ks." In: IJCNN In ternational Join Conference on Neural Net- orks New ork: IEEE, 1989., v.I, pp.443-447. [23] J. K. Krusc hk e. \Distributed ottlenec ks for impro ving generalization in bac k- propagation net orks." In ternational J. of Neural Net orks Res. and Appl. 187-193, 1989. [24] E. B. Baum, D. Haussler. \What size net giv es alid generalization?" Neural Computation 151-160, 1989. [25] J. Denk er, D. Sc artz, B. Wittner, S. Solla, J. Hop�eld, R. Ho ard, L. Jac el. \Automatic learning, rule extraction, and generalization." Complex Systems 877- 922, 1987. [26] M. A. Gluc k, M. el, V. Henkle. \Constrain ts on adaptiv net orks for mo deling uman generalization." In: D. S. ouretzky (ed.), Adv ances in Neural Information Pro cessing Systems, San Mateo, CA: Morgan Kaufmann, 1989., pp.2-10. [27] G. Hin ton. \Connectionist learning pro cedures." Arti�cial In telligence 40 185-234, 1989. [28] S. J. Hanson L. Y. Pratt \Comparing biases for minimal net ork construction with bac k-propagation." In: D. S. ouretzky (ed.), Adv ances in Neural Information Pro cessing Systems, San Mateo, CA: Morgan Kaufmann, 1989., pp. 177-185. [29] T. Ash \Dynamic no de creation in bac k-propagation net orks (abstract)." In: IJCNN In ternational Join Conference on Neural Net orks New ork: IEEE, 1989., p.I I-623. Also ec hnical Rep ort 8901, Institute for Cognitiv Science, U. C. San Diego. [30] Y. Chauvin, \A bac k-propagation algorithm with optimal use of hidden units." In: D. S. ouretzky (ed.), Adv ances in Neural Information Pro cessing Systems, San Mateo, CA: Morgan Kaufmann, 1989., pp. 519-526. [31] M. C. Mozer Smolensky \Sk eletonization: tec hnique for trimming the fat from net ork via relev ance assessmen t." In: D. S. ouretzky (ed.), Adv ances in Neural Information Pro cessing Systems, San Mateo, CA: Morgan Kaufmann, 1989., pp. 107-115. Krusc hk Mo ellan Bene�ts of Gain, p. 17 REFERENCES [1] D. E. Rumelhart, G. E. Hin ton, R. J. Williams, \Learning in ternal represen tations bac k-propagating errors." In: D. E. Rumelhart J. L. McClelland (eds.), arallel Distributed Pro cessing, v.1 Cam bridge, MA: MIT Press, 1986. Ch.8. [2] D. E. Rumelhart, G. E. Hin ton, R. J. Williams, \Learning represen tations bac k- propagating errors." Nature 323 533-536. 1986. [3] Y. LeCun. \A learning sc heme for asymmetric threshold net orks." In: Pro ceedings of Cognitiv 85 pp.599-604, aris, rance. 1985. [4] D. B. ark er. Learning-Logic In en tion Rep ort, S81-64, File 1, O�ce of ec hnology Licensing, Stanford Univ ersit 1982. [5] J. erb os. Bey ond regression: new to ols for prediction and analysis in the eha vioral sciences. PhD dissertation, Harv ard Univ ersit 1974. [6] J. R. Mo ellan. \Self-Regulated emp erature in bac propagation net orks." ap er presen ted at The Nin th Ann ual Berk eley-Stanford Conference, 1987, Berk eley CA. [7] R. el. \Do es the neuron ‘learn’ lik the synapse?" In: D. S. ouretzky (ed.), Ad- ances in Neural Information Pro cessing Systems, San Mateo, CA: Morgan Kauf- mann, 1989., pp.169-176. [8] J.J. Hop�eld. \Neurons with graded resp onse ha collectiv computational prop erties lik those of o-state neurons," Pro ceedings of the National Academ of Sciences USA 81, 3888-3092, Ma 1984. [9] S. No wlan. \Gain ariation in recurren error propagation net orks." ec hnical Rep ort CR G-TR-88-1, Dept. of Comp. Sci., U. of oron to, June 1988. [10] D. Plaut, S. No wlan, G. Hin ton. \Exp erimen ts on learning bac propagation." Carnegie-Mellon Univ ersit Computer Science Departmen ec hnical Rep ort, CMU- CS-86-126, 1986. [11] J. L. McClelland, D. E. Rumelhart. Explorations in arallel Distributed Pro cessing. Cam bridge, MA: MIT Press, 1989. [12] S. E. ahlman, \F aster-learning ariations on bac k-propagation: An empirical study ." In: D. ouretzky G. Hin ton, T. Sejno wski (eds.), Pro ceedings of the 1988 Connec- tionist Mo dels Summer Sc ho ol pp.38-51. San Mateo, CA: Morgan Kaufmann, 1989. See also: S. E. ahlman, \An empirical study of learning sp eed in bac k-propagation net orks." ec h. Rep. CMU-CS-88-162, Comp. Sci. Dept., Carnegie-Mellon U., June 1988. [13] R. A. Jacobs. \Increased rates of con ergence through learning rate adaptation." Neural Net orks 295-307, 1988. [14] R. S. Sutton and A. G. Barto. \T ard mo dern theory of adaptiv net orks: exp ectation and prediction." Psyc hological Review 88 135-170, 1981. [15] E. Oja. \A Simpli�ed Neuron Mo del as Principal Comp onen Analyzer." Journal of Mathematical Biology 15, 267- 273, 1982. [16] J. K. Krusc hk e. \Creating lo cal and distributed ottlenec ks in hidden la ers of bac propagation net orks." In: D. ouretzky G. Hin ton, T. Sejno wski (eds.), Pro ceed- ings of the 1988 Connectionist Mo dels Summer Sc ho ol pp.120-126. San Mateo, CA: Morgan Kaufmann, 1989. Krusc hk Mo ellan Bene�ts of Gain, p. 16 for the goal of impro ed generalization. It as sho wn that the gain of no de is handle on its participation in represen ting the input, and on the no de’s abilit to learn. Sim ulations con�rmed that adaptiv gains signi�can tly accelerated standard bac propagation. Other sim ulations sho ed that gain comp etition ery e�ectiv ely created hidden la er ottlenec ks in the case of the enco der problem. Not all applications will ene�t equally from the tec hniques ha in tro duced. BPG sp eeds up learning when there are no des whic are learning successfully When ery few hidden no des are included, there migh no successful no des, and hence BPG migh not signi�can tly impro learning. The comp etition sc heme is designed to fa or solutions with uncorrelated hidden no des. Our sim ulations sho ed that it orks ery ell for the enco der problem, but if \go d" solution to some other particular problem uses highly correlated no des, then the comp etition sc heme migh coun ter-pro ductiv e. The general cost function for gains allo ws other de�nitions of similarit that migh solv this di�cult Krusc hk Mo ellan Bene�ts of Gain, p. 15 mean hidden no des 16 16 mean hidden gain 343 234 mean learning time 346 430 able 6. E�ects of gain deca alone. V. General Discussion. Gain and temp erature. Both Boltzmann-t yp net orks [18,35] and bac k-propagation net orks use sigmoidal activ ation functions. The \temp erature" parameter used in Boltzmann mac hines can though of as the recipro cal of gain [6,7]. In view of this apparen similarit it is imp ortan to oin out the follo wing di�erences. Boltzmann mac hines are sto hastic and activ ation alues are binary In these net- orks, temp erature connotes sto hasticit of the activ ation alues. On the other hand, BPG is deterministic net ork and therefore, gain (or its recipro cal, temp erature) can- not connote randomness. But BPG activ ation functions ma in terpreted as mean �eld appro ximations to binary sto hastic no des (e.g., [36{38]). The sto hastic in terpretation of temp erature in Boltzmann mac hines corresp onds to discriminating er in deterministic systems. In Boltzmann and Mean Field net orks, all no des ha the same temp erature and are sub ject to global \co oling" or \annealing" sc hedule (but cf. [39]). In Boltzmann mac hines, su�cien tly slo co oling rates guaran tee that the activ ation alues for giv en �xed set of eigh ts will settle in global energy minim um [40]. No corresp onding claim is eing made for BPG; there is no externally imp osed annealing sc hedule for gains, and hanging the gains gradien descen do es nothing to oid lo cal minima on the error surface. Gain and natural net orks. There is evidence suggesting that the nerv ous system has mec hanisms that mo dulate the neural resp onse function in manner similar to gain. Serv an-Sc hreib er, Prin tz Cohen [41] prop osed that gain parameter helps explain the e�ect of biogenic monoamines, yp of neurotransmiter asso ciated with neural resp onsiv eness mo dulation. They used the gain parameter in bac k-propagation net orks to sim ulate phenomena asso ciated with catec holamine manipulations. There is also evidence that these amines pla an imp ortan role in the mo dulation of learning [42]. Summary and Conclusion. ha in tro duced gain parameter in to the standard bac propagation algorithm and sho wn it to ene�cial for sp eeding up learning and creating hidden la er ottlenec ks Krusc hk Mo ellan Bene�ts of Gain, p. 14 mean 218 403 497 600 ang 105 303 203 722 274 769 353 824 55 129 162 145 able 5. Learning time in sw eeps for arious amoun ts of comp etition. ould ha con tin ued to suppress it), and error can reduced further (otherwise it ould not ha een recruited). As suggested earlier, gain deca alone should not sp eci�cally excise dundant no des, but only those that learn slo wly Here presen empirical supp ort for that claim. Gain deca alone (� as applied using the same pro cedure as for comp etition without deca able sho ws the results for the same �fteen initializations as used in ables and 5, with equal to 0.5 and 1.0. In this con text, is the \deca y" rate mo dulator, rather than \comp etition" rate mo dulator. All the hidden no des had gains greater than zero after learning; that is, none ere excised at all. Gain deca had signi�can e�ects: It increased the learning time; and, it reduced the mean hidden no de gain. Clearly this form of gain deca is coun ter-pro ductiv e, and so ha go evidence that comp etition is an impro emen er deca alone. Other minimization tec hniques. Sev eral researc hers ha in tro duced other hidden la er minimization tec hniques, e.g. [16, 19, 20, 22, 23, 28{34]. No direct comparisons ha een made of the relativ erfor- mance of the alternativ metho ds, in terms of learning sp eed and generalization impro e- men for particular applications. Eac metho in tro duces its wn bias up on the yp of represen tation learned the net ork, and hence up on the generalization made the net ork. or example, the gain comp etition metho describ ed here biases the net ork to ard hidden la er represen tations that ha uncorrelated no de activ ations. That bias migh appropriate for some applications, and not for others. ortunately the general- ized cost function for gains (Eqn. 12) allo ws other de�nitions of similarit that migh more appropriate for sp eci�c applications. In some applications it migh kno wn in adv ance that sp eci�c kinds of bias are de- sired, and they migh ha nothing to do with minimization of hidden la ers. or example, in visual pattern recognition, the system should generalize er spatial translations, and so the constrain of translational symmetry can built in from the start [1]. Hidden la er minimization tec hniques, on the other hand, are usually in tended for applications in whic the appropriate domain-sp eci�c constrain ts are not kno wn in adv ance. Not sho wn are results for 0, whic led to unstable oscillations ev en for ery small learning step sizes. Krusc hk Mo ellan Bene�ts of Gain, p. 13 mean 16 33 93 20 ang 16 16 70 57 40 able 4. The um er of participating hidden no des (no des with non-zero gain) after learning with comp etition, for di�eren alues of When there as no gain comp etition 0), all 16 of the hidden no des built in to the net ork ended up participating in the represen tation. In fact, all 16 no des had gains greater than on ev ery trial. rom these results it is clear that bac propagation alone do es nothing to excise redundan no des, but instead utilizes all the no des ailable to it. When only small amoun of comp etition as used 5), the um er of partici- pating hidden no des dropp ed to an erage of only 5.33. All the other hidden no des had gains of zero (to more than six decimal places). The um er of participating hidden no des did not ary uc from trial to trial, as can seen from able 4. As the gain comp etition as increased to 0, usually (in 12 of 15 trials) only three hidden no des remained. That is exactly the \go d" solution, using log hidden no des, that the comp etition sc heme as mean to encourage. The ene�ts of gain comp etition do not come without some cost. As migh ex- ected, learning time increased as the comp etition rate mo dulator increased. able sho ws that for 0, learning time is almost three times that for 0. It is im- ortan to notice that learning time is negativ ely accelerating function of Th us gain comp etition do es not cause an explosiv gro wth in learning time. or comparison, an 8-3-8 net ork as tested on the enco der problem with �fteen random eigh initializations, using the same pro cedure but without comp etition. The net ork reac hed criterion in an erage of 328 sw eeps, with range of 195 to 455 sw eeps, and standard deviation of 66.8 sw eeps. Th us adding comp etition tak es less than wice as long as bac propagation with gain. Since bac propagation with gain as sho wn to ab out wice as fast as standard bac propagation, the comp etition sc heme ends up taking no longer than standard bac propagation. The results rep orted so far ha describ ed the etir ement of no des from participation. On the other hand, if the comp etition rate mo dulator is set to uc larger alues, some in teresting eha vior ccurs. The high comp etition initially suppresses all but one or no des. The net ork will reduce the error as est it can, but as the rate of error reduction slo ws, the comp etition rate gets smaller (b Eqn. 15). This allo ws new no des to cruite from the ol of retired no des. One or more previously suppressed no des gro ws to ha ositiv gain, as result of gradien descen on error with resp ect to gain. The newly recruited no de is dissimilar to the previously participating no des (otherwise comp etition Krusc hk Mo ellan Bene�ts of Gain, p. 12 Gain comp etition as sim ultaneously erformed on the hidden la er. an ted to imp ose as uc comp etition as ossible without extinguishing learning (error reduction), so dynamically mo dulated the comp etition rate as learning progressed, in the follo wing simple If learning as pro ceeding ell, with the square ro ot of the mean squared error (RMSE) falling rapidly then comp etition as increased. If learning as slo w, comp etition decreased. Sp eci�cally the comp etition rate of Equation 14 as constan ultiple of an exp onen tial erage of the hange in RMSE er previous trials, divided the RMSE of the presen trial: =0 RMSE RMSE (15) where is the comp etition rate on trial where is non-negativ constan of prop or- tionalit called the comp etition rate mo dulator where the sum is tak en er all previous trials and where is ositiv constan go erning the eigh ting of the exp onen tial erage. In our sim ulations set 70, and tested the comp etition rate mo dulator at sev eral alues et een zero and o. Note that if the net ork is in fact learning, then RMSE should negativ e, and so the comptetition rate should ositiv e. Ho ev er, gradien descen algorithms lik bac k-propagation can sometimes \o ersho ot" lo cal de- scen and cause RMSE to greater than zero, consequen tly causing to less than zero. deal with that ossibilit the alue of the comp etition rate as actually set to the maxim um of zero and the alue computed in Equation 15. Gain comp etition as not actually executed un til the �fth sw eep, so that the alue of ould re ect the smo oth eha vior of RMSE rather than the initial turbulence often seen in bac propagation. Fi- nally gain as restricted to non-negativ so that comp etition could nev er \explo de," driving some gains to large negativ alues and others to large ositiv alues. It as found that gain deca con tributed almost nothing to the excision of hidden no des (these results are rep orted later), and added signi�can tly to learning time. therefore did not include the diagonal terms of Equation 12 in the computation of gain cost, Th us the hange in gain due to comp etition as ij (16) (cf. Eqn. 14). Ev ery factor in the righ hand side of Equation 16 is non-negativ um er. Hence comp etition could only decrease the gains, nev er increase them. Results. The results sho ed large decrease in the um er of participating hidden no des as function of the comp etition rate mo dulator, Results are summarized in able 4. Fifteen trials ere run at eac alue of eac trial starting with di�eren set of random eigh ts. (The same �fteen initializations ere used for eac of the alues of .) Krusc hk Mo ellan Bene�ts of Gain, p. 11 where the sum is tak en er all patterns, in training sw eep. The notation net ip denotes the net input to no de when pattern is input. The similarit in Equation 13 is measure of the squared correlation of the net input alues of no des and across patterns. (It is not the usual de�nition of correlation ecause ha not subtracted the mean net input alues.) It is alw ys et een zero and one, aries con tin uously and it has particularly simple deriv ativ with resp ect to gain: zero. If ho ose the iden tit function for in the generalized cost function then gradien descen on with resp ect to gain yields the comp etition rule: ij (14) where is constan of prop ortionalit called the comp etition rate arian of Equation 14 as �rst in tro duced Krusc hk [16], who used sligh tly di�eren de�nition for ij al omputation. The alue of can computed lo cally in bac propagation net ork if lateral connections et een hidden la er no des are allo ed, that do not prop- agate activ ation or errors, but gain alues. The strength on the lateral connection from no de to no de is ij whic can computed with information ailable lo cally at the no des. Then ij is easily computed summing across the lateral connections. Sim ulation pro cedure. The enco der problem [1] is an esp ecially appropriate test for the gain comp etition sc heme. In the enco der problem, net ork with input no des and output no des is trained to map the canonical basis ectors to themselv es; i.e., (1 7! (1 ), (0 7! (0 ), etc. \Go d" solutions to the enco der problem use log hidden no des that together act as binary enco der of the input. In that case, the hidden no des are completely uncorrelated with eac other. That is exactly the sort of situation that the gain comp etition sc heme is supp osed to encourage. used net ork with input no des, 16 hidden no des and output no des. initialize the net ork, the eigh ts on eac no de ere hosen at random and then the eigh ector of eac no de, including its bias eigh t, as normalized to Euclidean length one. The gain of eac no de as also initially set to one. Standard bac propagation as erformed; i.e., gradien descen on error with resp ect to eigh ts, with learning rate of 0.20 and momen tum of 0.85. Gradien descen on error with resp ect to gains as also erformed on oth the hidden and output la ers, with the learning rate set to 0.20, and zero momen tum. The learning as run un til the maxim um absolute error for ev ery output no de as less than 0.15. One can also easily deriv =@ uv but computing the hange in eigh is not an simple arian of the feed-forw ard net ork for bac propagation. One goal for future researc is to construct function ij whic yields gradien descen on with resp ect to eigh ts that is lo cally computable. Krusc hk Mo ellan Bene�ts of Gain, p. 10 building net ork with large um er of hidden no des and dynamically reducing them as learning progresses. Our previous observ ations regarding the gain parameter suggest that judicious manipulation of gains could accomplish this goal. Generalized cost function for gain comp etition. can use the gain parameter to mak the hidden no des comp ete for the righ to participate in the represen tation and in learning. The idea is to start with large hidden la er of candidate no des, and to imp ose cost on no des that are similar. In general, the cost of similar no des can expressed as i;j ij (12) where is nondecreasing function of gain, and ij is some measure of the similarit of no des and The sum is tak en er all no des in the hidden la er. Th us if no des are similar and oth ha large gains, they mak large con tribution to the cost. can er- form gradien descen on the cost with resp ect to gain in order to decrease the gains of redundan no des. (One migh also erform gradien descen on with resp ect to connec- tion eigh ts.) desire the deriv ativ to lo cally computable in net ork arc hitecture compatible with bac propagation. Th us, the gain of no de is adjusted sim ultaneously gradien descen on error and gradien descen on the cost (Eqn. 12). The sp cial ase of gain de ay. One sp ecial case of the cost function de�nes to the iden tit function, and de�nes ij to if and otherwise. Then the cost function reduces to and gradien descen on with resp ect to yields That is simply gain deca analogous to eigh deca whic has often een used in applications of bac propagation (e.g., [18,27]). Another sp ecial case de�nes (1 ), with ij again equal to if and otherwise, so that (1 This is also form of gain deca in whic the deca rate increases to maxim um for some small alue of gain, and then decreases as gain gets larger. It is analogous to cost function used Rumelhart [19,20,28]. Those sp ecial cases of the cost function are particularly simple and easy to implemen in bac propagation net ork. Unfortunately gain deca alone do es not tak full ad- an tage of the oten tial captured the generalized cost function. suggest no w, and pro vide empirical evidence later, that gain deca excises slo w-learning no des rather than redundan no des. Sp ci�c ost function for gain omp etition. The measure of similarit used in the sp ecial cases of gain deca is really degenerate case. seek instead some measure of similarit whic rises con tin uously from zero. Moreo er, the measure ust allo gradien descen on the cost of gains to lo cally computable in net ork compatible with bac propagation. One suc function is as follo ws: ij net ip net net ip net (13) Krusc hk Mo ellan Bene�ts of Gain, p. is constan t: If 0, then net (0) for all net and as the magnitude of the gain gro ws, the ariance of activ ation alues fr om (0) increases for monotonic The gain of no de also indicates the exten to whic the no de participates in le arning When the gain of no de is zero, the error propagated to its eigh ts is also zero, and hence its eigh ts cannot learn. When the magnitude of the gain gro ws, the learning eigh ts also increases. That can seen explicitly from Equation 3, in whic gain acts as con tin uous mo dulator of the magnitude of error propagated to the eigh ts. The gain parameter is not just passiv indicator lik the oin ter of sp eedometer. If one tries to go faster mo ving the oin ter of sp eedometer to higher alue, one only succeeds in breaking the sp eedometer. On the con trary if adjust the gain of no de, actually hange its activ ation ariance and its eigh learning rate. It is the causal e�cacy of the gain parameter that mak es it an attractiv device for in tro ducing constrain ts in to bac propagation. Impro ed generalization from small hidden la ers. There is empirical evidence that generalization to no el input patterns is impro ed using hidden la ers with small um er of no des (e.g. [18-20]). In these cases, general- ization from the training set to no el inputs as etter when the um er of hidden no des as relativ ely small. The reason for impro ed generalization is in tuitiv ely clear: small hidden la er forces the input patterns to mapp ed through lo w-dimensional space, en- forcing pro ximities et een hidden-la er represen tations that ere not necessarily presen in the input-pattern represen tations. Only the di�erences et een patterns that are most imp ortan for decreasing error will preserv ed as large distances et een hidden la er patterns. Di�erences et een input patterns that are not preserv ed in the hidden la er represen tation are thereb generalized er completely more detailed discussion can found in Krusc hk [16,22,23]. Theoretical and empirical results regarding learnabilit generalization, and net ork size can found in, e.g., [24-26]. Giv en the desirabilit of small hidden la ers, wh not just build net ork with an ar- bitrarily small um er of no des? First, for most learning applications it is not kno wn what the minimal um er of hidden no des is. If one uses to few no des, then the net ork has insu�cien computational er to learn the training set to criterial accuracy regardless of learning algorithm used. Second, bac k-propagation learning is slo er, and more lik ely to encoun ter lo cal minima or extensiv plateaus on the error surface, when small hidden la ers are used. or example, the minimal um er of hidden no des required to learn the OR is o, but when only no des are built in to the net ork, extended learning times are often encoun tered. In general, bac k-propagation learning is faster when larger hidden la ers are used [10]. try to satisfy these comp eting constrain ts on hidden la er size There are also cases for whic reducing the um er of hidden no des did not impro generalization (e.g.,[21]). It is ey ond the scop of this article to analyze in detail whic particular applications will ene�t from hidden la er ottlenec ks. The premise is that at least some applications do ene�t from ottlenec ks. Krusc hk Mo ellan Bene�ts of Gain, p. gain can seen as mo dulating the stepsize of the eigh hange, amplifying learning in no des that �nd successful directions in eigh space. This ma help to explain wh BPG do es not necessarily pro vide big adv an tage with ery small net orks: Larger net orks pro vide larger ol of candidate directions, so that the ene�ts of gain are more lik ely to utilized. Gain and eigh normalization. By including the gain parameter in bac propagation, one can also normalize eigh ectors without loss of computational er. One adv an tage of normalization is that it main tains the eigh alues within ounds [14,15]. Normalization can also used to facilitate comparison et een no des [16]. eigh ectors can factored in to length and direction, with direction indicated the normalized eigh ector, and length indicated the gain of the no de. By erforming gradien descen on gain, and implication from Lemma 1, the e�ects of bac propagation on the lengths of the eigh ectors will re ected the gains, ev en with the eigh ectors themselv es normalized. Sev eral approac hes migh used to normalize the eigh ectors. One ossibilit is to let the eigh ts hange via bac propagation and then to normalize the eigh ts directly dividing them the length of the eigh ector. Suc an approac as tak en Krusc hk [16]. Another ossibilit used Oja [15] in the con text of Hebbian rule, is to generate ylor series appro ximation to the normalization pro cess. Mo ellan [17] deriv ed ylor series appro ximation to normalization for bac propagation: ij net ij (11) where ij is the mo di�ed eigh hange. Notice that the normalized rule of Equation 11 is nearly the same as the standard eigh up date rule of Equation but with corrected activ ation from the la er elo w. An adv an tage of the ylor appro ximation er \brute- force" normalization is that the length of the eigh ector need not computed. ha applied the normalization rule of Equation 11 in conjunction with BPG, with go results [17]. IV. Minimal hidden la ers from gain comp etition. ha sho wn that the gain parameter is useful for sp eeding up learning and for allo wing eigh ector normalization. will no sho that it can also used to create hidden la er ottlenec ks; i.e., hidden la ers with relativ ely few participating no des. Small hidden la ers ha een sho wn to impro the generalization erformance of bac k- propagation net orks in some applications. Gain indicates participation in represen tation and learning. sa that giv en hidden no de participates in represen ting the input if and only if its activ ation hanges for some hange of input. The gain of no de indicates ho uc the no de participates in represen ting the input. When the gain of no de is zero, its activ ation Krusc hk Mo ellan Bene�ts of Gain, p. cr iter ion ncoder av er ag 05 Av er ag able 3. Ratios of learning times for BP and BPG, summarized from ables and 3. net (8) Solving equation (7) for and substituting in to equation (8) yields: cos (9) where is the angle et een and Note also that cos (10) Case I: cos rom Equation 9, 0. Therefore, the signs of and are the same, so 0. rom Equation 10, 0. In this case, then, the signs of and agree: They oth are ositiv e. Case I: cos rom Equation 9, 0, argumen analogous to that used in Case I. rom Equation 10, can see that or arbitrarily small step sizes, 0, so that 0. Again the signs of and agree: They oth are negativ e. Q.E.D. Adaptiv gain has catalytic e�ect in the learning pro cess mo difying the mag- nitude, not the direction, of the eigh hange. Empirical observ ations sho that in the early phases of learning, when successful direction has not et een found, eigh ec- tors hange direction from trial to trial and oth gain and eigh t-v ector length shrink. As successful directions are found, eigh ts and gains gro larger. rom Equations and 4, or non-in�nitesimal hanges, supp ose that for some 1. Then ust ha cos p= for the conclusion to hold. or small that condition is virtually the same as cos 0. In other ords, for non-in�nitesimal hanges, the conclusion of the lemma can violated when the hange ector is at an angle just sligh tly obtuse to the eigh ector p= cos 0) or when it happ ens to uge relativ to the eigh ector 1). Empirically suc conditions ccur so ephemerally as to negligible. Krusc hk Mo ellan Bene�ts of Gain, p. criterion=0.20 eigh step size, number hidden nodes 25 2(7 3) 4(0 2) 2(0 1) 8(0 2) 2(2 2) 6(2 2) 16 4(4 1) 3(1 0) 32 3(8 2) criterion=0.10 eigh step size, number hidden nodes 25 3(7 3) 5(0 2) 3(0 1) 8(0 2) 3(0 1) 3(4 2) 7(3 2) 16 5(6 1) 5(1 0) 32 2(11 3) 6(2 0) criterion=0.05 eigh step size, number hidden nodes 25 5(8 3) 9(0 2) 5(0 1) 8(0 2) 3(0 1) 5(8 2) 5(1 0) 8(10 2) 0(2 0) 16 4(4 3) 8(4 0) 32 3(15 7) 6(9 0) able 2. Ratios of erage learning times (in sw eeps) for BP relativ to BPG, when applied to the OR enco der problem. Num ers in paren theses indicate the um er of times, out of 15, that BP/BPG failed to reac criterion within 1000 sw eeps. Lemma 1: Supp ose eigh ts are hanged gradien descen on the error E, and gains are also hanged gradien descen on E. Then, for giv en no de, the magnitude of its gain increases if and only if the length of its eigh ector increases. Pro of: Gradien descen on the error with resp ect to eigh ts and gains can expressed as follo ws (cf. Eqns. 2{6): net (7) Krusc hk Mo ellan Bene�ts of Gain, p. criterion=0.20 eigh step size, number hidden nodes 25 1(1 1) 3(1 2) 3(8 11) 16 32 criterion=0.10 eigh step size, number hidden nodes 25 4(1 1) 4(1 3) 5(8 11) 16 32 criterion=0.05 eigh step size, number hidden nodes 25 3(1 1) 6(1 3) 5(8 11) 16 32 able 1. Ratios of erage learning times (in sw eeps) for BP relativ to BPG, when applied to the 4-4 enco der problem. Num ers in paren theses indicate the um er of times (out of 15) that BP or BPG failed to reac criterion in 1000 sw eeps. I. Discussion. Sp eeded learning other metho ds. There ha een man other bac propagation sp eed-up metho ds describ ed in the lit- erature, e.g. ahlman’s [12] Quic kProp, or Jacob’s [13] learning-rate adjustmen heuristics. do not claim that BPG is faster or incompatible with these metho ds. An adv an tage of adaptiv gain is that it is easy to in tro duce in to bac propagation programs, and that it accelerates learning without the need to in ok principles other than gradien descen t. Adaptiv gains also pro vide ariet of other ene�ts that will discuss in later sections. The relation of gain hange and eigh hange. In this section explore the relationship et een gain and eigh hange. then analyze wh BPG sp eeds up learning relativ to BP Krusc hk Mo ellan Bene�ts of Gain, p. Com bining the results for di�eren step sizes is also tric ky One ossibilit is to compare learning times for optimal step-sizes. Ho ev er, it is often preferable to learn mo derately fast er wide range of step sizes than to learn exceptionally fast er ery limited range. In this article rep ort learning times for ariet of parameter com binations. also rep ort erages of the di�eren com binations to giv an estimate of the relativ e�ciencies of the algorithms. Pro cedure. compared BP and BPG on standard enc hmark problems, the exclusiv e-or (X OR) and the 4-4 enco der problem [1]. tested learning times of BP and BPG on all com binations of the follo wing indep enden ariables: Num er of hidden no des: 2, 4, 8, 16, 32. Step size for eigh hange: 0.25, 0.5, 1, 2, 4. Criterial alue ecr it for solution: 0.20, 0.10, 0.05. There as single hidden la er, in whic all no des used the logistic activ ation function (1 exp net )). In eac condition 15 di�eren initializations for eigh ts ere used, with eigh ts assigned according to uniform random distribution from to +1, suc that the fan-in eigh ector (including bias) of eac no de as normalized to Euclidean length 1. The step sizes for eigh ts in the output la er ere scaled according to the the standard fan-in correction form ula (Plaut et al., [10]). In BPG, gains ere mo di�ed according to Equation with 20. In the OR problem, gain as restricted suc that 75 50, so that gains ould neither to small, making the no de ine�ectiv e, nor to large, pro ducing excessiv hange. Momen tum (see [1]) as set to 0.9 for oth eigh ts and gains. assure that our program as correct, its erformance, with and 1, as compared to McClelland and Rumelhart’s [11] bac k-propagation soft are. The programs eha ed iden tically to the �fth decimal place. Results. ables and sho the learning times of BP relativ to BPG for the 4-4 enco der problem and the OR problem. Av erage results are sumarized in able 3. or all trials when criterial error as reac hed, BPG as faster than BP The learning time ratios ary from 1.1 to 5.7, with an erage of 2.2. In terms of the um er of times that criterial error as not reac hed in 1000 sw eeps, BPG also erformed etter than BP except when hidden no des ere used. In that case BPG could not solv the problem 13% of the time, as opp osed to BP whic did not solv it 11% of the time. able sho ws the erage sp eed ratio as function of the learning criteria and the yp of problem. The erage learning time ratio is 1.83 for criterion of 0.2, and 2.68 for criterion of 0.05. In previous study [6] it as sho wn that for smaller criteria, BPG is more than times faster than BP Krusc hk Mo ellan Bene�ts of Gain, p. where is small ositiv constan called the \step size" of gradien descen with resp ect to eigh ts. Gradien descen on error with resp ect to the gains can also computed. Using the hain rule as ab e, it is easy to compute that +1 +1 net net (5) Then net =g (6) where is the step size of the gains. The learning rule for gains (Eqn. 6) is easily incorp orated in to standard bac propagation programs. In particular, all the quan tities that app ear in Equation are lo cally ailable to the a�ected gain An equiv alen metho as �rst in tro duced Mo ellan [6] and indep enden tly pro- osed el [7]. Other authors (e.g., [8-10]) ha also used gain parameter, with di�eren purp oses and di�eren arc hitectures. These are discussed later. Throughout this article, will refer to bac propagation with adaptiv gains as BPG, and to standard bac propagation, for whic i; and 0, as BP I. Sp eeded learning from gradien descen with gain. Learning time in BPG is remark ably faster than standard BP In this section discuss some criteria for comparing learning times of di�eren algorithms, and then rep ort our sim ulation pro cedure and results. Comparing learning sp eeds. Comparing the sp eeds of arian ts of bac propagation can tric ky One ust con trol all of the follo wing ariables: up dating pro cedure (ev ery trial vs. erio dic), solution criteria, initialization pro cedure, learning rates, um er of hidden no des, and error function. In our comparisons of BP and BPG, erformed gradien descen on the sum of squared errors, eigh and gain hanges ere accum ulated after eac pattern presen tation but only executed at the end of full sw eep (or \ep h") through the training set, and learning time as measured as the um er of sw eeps un til ecr it for pre-set criterial alue ecr it across all patterns and output no des Since the initial alues of the eigh ts ma a�ect con ergence, it is common practice to run sev eral sim ulations with di�eren starting eigh ts and to com bine the results with appropriate statistics. The hoice of these statistics is not straigh t-forw ard. Arithmetic v- erages are excessiv ely in uenced the ccasions when the net ork fails to reac criterion in the allotted time, but robust statistics, lik the median, do not re ect those ccasions at all. In our sim ulations haracterized sp eed with statistics: the arithmetic erage of the um er of sw eeps when the solution as ac hiev ed in less than 1000 sw eeps;

and, the um er of sim ulations when the system needed more than 1000 sw eeps. Krusc hk Mo ellan Bene�ts of Gain, p. I. The gain parameter in bac propagation. The bac propagation learning algorithm [1-5] has ecome ery opular metho for training connectionist net orks. Tw of the app ealing prop erties of bac propagation are its tolerable learning sp eed and its abilit to generalize to no el inputs. Unfortunately bac propagation is sometimes to slo w, and generalization is not alw ys go d. In this article in tro duce new parameter, gain in to bac propagation net orks and sho that it can yield ene�ts for learning sp eed and generalization. Consider ulti-la er feed-forw ard net ork, as in standard bac propagation. Let the activ ation of the th no de of la er and let the column ector of activ ation alues in la er The input la er is la er 0. Let ij the eigh on the connection from the th no de in la er to the th no de in la er and let in the column ector of eigh ts from la er to the th no de of la er The net input to the th no de of la er is de�ned as net ik and let net net net the column ector of net input alues in la er The activ ation of no de is giv en function of its net input, net (1) where is an function with ounded deriv ativ e, and is real um er called the gain of the no de. Supp ose that for particular input pattern, the desired output is the teac her pattern and the actual output is where denotes the output la er. De�ne an error function on that pattern, The erall error on the training set is simply the sum, across patterns, of the pattern error then erform gradien descen on with resp ect to ij The hain rule yields: ij net +1 net +1 net net ij (2) +1 +1 +1 +1 ni net where =@ net In particular, the �rst three factors of Equation indicate that +1 +1 net (3) The recursiv form ula (Eqn. 3) for is the same as in standard bac propagation [1,2] except for the app earance of the gain parameter. Com bining Equations and yields the learning rule for eigh ts: ij (4) Bene�ts of Gain: Sp eeded learning and minimal hidden la ers in bac k-propagation net orks. John K. Krusc hk Departmen of Psyc hology Indiana Univ ersit Blo omington, IN 47405 krusc hk e@ucs.indiana.edu Ja vier R. Mo ellan Departmen of Psyc hology Carnegie-Mellon Univ ersit Pittsburgh, 15213 jm2z+@andrew.cm u.edu Abstract The gain of no de in connectionist net ork is ultiplicativ constan that ampli�es or atten uates the net input to the no de. The ob jectiv of this article is to explore the ene�ts of adaptiv gains in bac propagation net orks. First sho that gradien descen with resp ect to gain greatly increases learning sp eed amplifying those directions in eigh space that are successfully hosen gradien descen on eigh ts. Adpativ gains also allo normalization of eigh ectors without loss of computational capacit and suggest simple mo di�cation of the learning rule that automatically ac hiev es eigh normalization. Finally describ metho for creating small hidden la ers making hidden no de gains comp ete according to similarities et een no des, with the goal of impro ed generalization erformance. Sim ulations sho that this comp etition metho is more e�ectiv than the sp ecial case of gain deca In press: IEEE ransactions on Systems, Man and Cyb ernetics. Sc heduled to app ear Jan uary 1991 (v ol. 21, no. 1). Originally submitted No em er 1988. The order of authors is alphab etical. Requests for reprin ts ma sen to either author. Most of the ork rep orted here as carried out when oth authors ere at the Departmen of Psyc hology Univ ersit of California at Berk eley