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Catastrophic forgetting is one of big issues in multi-task learning with neural networks. We propose that min-
imization of the connection cost mitigates catastrophic forgetting in echo state networks. The optimization of
connections in reservoirs can yield neural modules (local sub-networks) that differentiate information flow depend-
ing on tasks. The task-specific neural activities help to consolidate knowledges of the tasks. We showed that this
constraint creates neural modules consisting of negative connections and can improved the performance of multi-
task learning. Furthermore, we analyzed the transfer entropy of inter- and intra-modules to show task-specific
functional differentiation of the modules.
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Real-time computation at the edge of chaos in recur-

rent neural networks, Neural Comput., Vol. 16, No. 7,

pp. 1413–1436 (2004)

[Bongard 11] Bongard, J. C.: Spontaneous evolution of

structural modularity in robot neural network con-

trollers, in Proc. of the 13th GECCO, pp. 251–258 (2011)

[Clune 13] Clune, J., Mouret, J.-B., and Lipson, H.: The

evolutionary origins of modularity, Proc. R. Soc. B, Vol.

280, No. 1755, 20122863 (2013)

[Deb 02] Deb, K., Pratap, A., Agarwal, S., and Meyari-

van, T.: A fast and elitist multiobjective genetic algo-

rithm: NSGA-II, IEEE Trans. Evol. Comput., Vol. 6,

No. 2, pp. 182–197 (2002)

[Ellefsen 15] Ellefsen, K. O., Mouret, J.-B., and Clune, J.:

Neural modularity helps organisms evolve to learn new

skills without forgetting old skills, PLoS Comput. Biol.,

Vol. 11, No. 4, e1004128 (2015)

[Fox 05] Fox, M. D., Snyder, A. Z., Vincent, J. L., Cor-

betta, M., Van Essen, D. C., and Raichle, M. E.: The

human brain is intrinsically organized into dynamic, an-

ticorrelated functional networks, Proc. Natl. Acad. Sci.,

Vol. 102, No. 27, pp. 9673–9678 (2005)

[McCloskey 89] McCloskey, M. and Cohen, N. J.: Catas-

trophic interference in connectionist networks: The se-

quential learning problem, Psychol. of Learn. Motiv.,

Vol. 24, pp. 109–165 (1989)

[Meunier 09] Meunier, D., Lambiotte, R., Fornito, A., Er-

sche, K., and Bullmore, E. T.: Hierarchical modularity

in human brain functional networks, Front. in Neuroin-

form., Vol. 3, No. 37 (2009)

[Newman 06] Newman, M. E. J.: Modularity and commu-

nity structure in networks, Proc. Natl. Acad. Sci., Vol.

103, No. 23, pp. 8577–8582 (2006)

[Parisi 18] Parisi, G. I., Kemker, R., Part, J. L., Kanan, C.,

and Wermter, S.: Continual lifelong learning with neural

networks: a review, arXiv:1802.07569 (2018)

[Schreiber 00] Schreiber, T.: Measuring information trans-

fer, Phys. Rev. Lett., Vol. 85, No. 2, pp. 461–464 (2000)

4

The 33rd Annual Conference of the Japanese Society for Artificial Intelligence, 2019

3D4-OS-4b-02


