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Effect of Chaos on Supervised Learning of State Transition Tasks Using Recurrent Neural Networks
O Masato Ooishi, Toshitaka Matsuki, Katsunari Shibata (Oita University)

Abstract: We think that the emergence of rational multi-step state transition is critical to realize higher functions
like ’thinking’. However, such learning was difficult for recurrent neural networks(RNNs) with only positive self-
feedback that is good for memory-required tasks. On the other hand, in chaotic neural networks, state transitions
autnomously though the dynamics is irregular. Then we think chaotic dynamics make the learning of multi-step
state transitions easy. In this paper, we applied RNNs with random feedback connection weights to the learning
of a multi-step state transition task varying the scale of the weight matrix. We show that learning performance is
better when the RNN is at edge of chaos has or a weak chaoticity, while the performance is bad for the RNN with

only positive self-feedback weight even though that makes the error propagation better.
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Fig. 1: State transition in the learning task.

| predicted state Sy |

Feedback
p—

@ a,:1 ag:2 aprandom : :
| | t t
Fixcd:SQ:Oib 5 ib ﬂ_bl St Lr

time

Fig. 2: Learning task using a recurrent neural network.
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Table 1: Parameters for Simulation

Name
Number of hidden neurons 100
hidden-output layer [-0.2,0.2]
Initial weight | inputs-hidden layer | [-0.25,0.25]
feedback scale varied
outputs bias [-0.01, 0.01]
output layer 0.01
Learning rate hidden layer 0.005
feedback 0.00005
outputs bias 0.05
Traceback times in BPTT all time
Epoch of Learning 300000
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(a) Learning curve showing the rate of correct answers.
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(b) Outputs of RNN(blue) and signals representing actual state
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Fig. 3: Learning results for state transition tasks.
(feedback connecot weights scale:1.2)
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Fig. 4: Comparison of learning performance in the state
transition task varying the feedback weight scale.
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Fig. 5: Change of lyapunov exponent according to the feed-
back weight scale.
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Fig. 6: Learning curve showing the rate of correct answers
by learning. (Positive selfFB weight:1.0)

Iy
o

o
©

o
o

o
IS

correct answer rate

o
N

N\

080 05 T0 15 2.0 25 3.0
self-feedback weight scale

Fig. 7: Performance comparison of state transition learning
with only positive self-feedback weights
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Fig. 8: Difference of state representation between before
and after learning (weight scale:1.2)
PCA is applied to the hidden layer outputs
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