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Two-way Translation of Compound Sentences and Robot Motions
by Recurrent Neural Networks

Tetsuya Ogata’, Masamitsu Murase', Jun Tani*, Kazunori Komatani', and Hiroshi G. Okuno'

("Graduate School of Informatics, Kyoto University / *Brain Science Institute, RIKEN)

Abstract —We present a connectionist model that combines motions and language based on the behavioral
experiences of a real robot. Two models of recurrent neural network with parametric bias (RNNPB) were
trained using motion sequences and linguistic sequences. These sequences were combined using their
respective parameters so that the robot could handle many-to-many relationships between motion sequences
and linguistic sequences. Motion sequences were articulated into some primitives corresponding to given
linguistic sequences using the prediction error of the RNNPB model. The experi-mental task in which a
humanoid robot moved its arm on a table demonstrated that the robot could generate a motion sequence
corresponding to given linguistic sequence, and vice versa.
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Figure 2 Articulating into multiple sequences
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Figure 3 Configuration of RNNPBs binding the parametric bias
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Figure 4 Image of experiment in progress and layout of color area
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Table 1 Training data pairs of motion and linguistic sequences
Motion pattern Linguistic sequences

1) Y->R->B->W Move/Go to red/left slowly.

(slow) Move/Go to blue/up slowly.
Move/Go to white/right slowly.

D) Y->R-B-R
(slow)

Move/Go to red/left slowly.
Move/Go to blue/up slowly.
Move/Go to red/down slowly.

(3) Y->R->Y-R
(fast)

Move/Go to red/left fast.
Move/Go to yellow/right fast.
Move/Go to red/left fast.




4) Y->R->W-R
(fast)

Move/Go to red/left fast.

Move/Go to white/upper-right fast.
Move/Go to red/lower-left fast.
Move/Go to blue/upper-left slowly.
Move/Go to red/down slowly.
Move/Go to yellow/left slowly.
Move/Go to blue/upper-left slowly.
Move/Go to white/right slowly.
Move/Go to yellow/down slowly.
Move/Go to blue/upper-left fast.
Move/Go to yellow/lower-right fast.
Move/Go to red/left fast.

Move/Go to blue/upper-left fast.
Move/Go to white/right fast.
Move/Go to red/lower-left fast.

Y: yellow area, R: red area, B: blue area, W: white area
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Figure 7 Motion trajectories generated from a sentence:

1: Motion from blue to white (included in training data)
2: Motion from red to white (included in training data)
3: Motion from yellow to white (not included in training data)
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Figure 8 Motion trajectory for generating sentences
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