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Avoiding catastrophic forgetting in echo state networks by minimizing the connection cost
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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.

X L&®IC

EhEIXUOE LB, # U WEREERRRL e R AT A~
HIRFIIEIG U, FEZBUTHE LTS, © hoMitry
N7 =2 3B bHRER2 AT HEY 2 — UG (B9 % v b
T—2) RBL, TOEYa—HBBKIZEYI D EBbH B iz
o T, ZFMARMFEEINEHINTVEEEZLNTWVWS
[Meunier 09]. D & 57t b DR THEILHRFEHDA 7=
ZLOMRIE, NAKRAT=a—5 )3y T —2 DT
PWTHHLERAD.

BRI EZ 5NET =R BT 1 VT LA,
ANLZa=5 2y b7 =2 5EIZEWTH kA (con-
tinual learning) & U CiEEH 2 HH T WS [Parisi 18]. U
U, AR OfkfEFEIZIX, RS HE (catastrophic
forgetting) DOMEAH 5 [McCloskey 89]. ZHuiE, FHL W&
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BE DRI R A 71281 Bk 7 ORI S H % [F3#E T &
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APEREIZ Lo TEBIEINS. RETIVTIE, VFNN=Fv b
7 — 7 OfES%E, FEERERK LRSS I A MyMEE BRI
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