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Humans acquire various kinds of information with minimal cognitive load by using concepts and this capability
makes it possible to deal with unknown events. Therefore, we consider that concepts also make it possible for robots
to predict unobserved information from observable one. We define concepts as categories formed by clustering the
perceptual information. In this paper, we propose a method for estimating a temporal segments of multimodal
information based on co-occurrence relationship among modalities and classifying them into categories in an unsu-
pervised manner. In the experiment, in which object images and robot’s motions obtained by robot’s manipulating
objects were used, concepts that represents the co-occurrence relationship between objects and behaviors were
formed.
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Algorithm 1

1:

2:

3: // Forward filtering
4: for t = 1 to T do
5: for k = 1 to K do
6: for z = 1 to Z do
7: α[t][k][z]
8: end for
9: end for

10: end for
11:

12: // Backward sampling
13: t = T, j = 1
14: while t > 0 do
15: k, z ∼ p(xj |st−k:t)α[t][k][z]
16: xj = st−k:t

17: zj = z
18: t = t− k
19: j = j + 1
20: end while
21: return (xJn ,xJn−1, · · · ,x1), (zJn , zJn−1, · · · , z1)
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