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Spatial concept transfer learning model was first for the purpose of transferring the knowledge of places acquired
in learning environments when the robot moves to new environments. However, in previous studies, this model has
not proven to be effective for transferring the knowledge of places to new environments. Therefore, in this paper,
we conduct large-scale performance evaluation experiments on name and localization prediction of this model in
new environments and we verify whether this model is effective for transferring knowledge of places to a new
environment. The experiment results on a larger scale showed that the model has a effectively a high prediction
performance of name and location in new environments, and can indeed transfer the knowledge of prior places.

1.

[Kostavelis 13]

[Taniguchi 16] [Ishibushi 16a]

[Ishibushi 16b]

4

SIGVerse [Inamura 10]

[Asada 16]

1

:

1-1-1 taguchi.keishiro@em.ci.ritsumei.ac.jp

�������	
������� �����	
������������

������

����

����

����

����

����

����

���

		


������

�������

�������

1:

2.

2.1
2

1

φv, φn

2.2
vt

nt xt

Convolutional Neural Network

Caffe [Jia 14] Softmax

1000

Caffe ImageNet Large Scale

Visual Recognition Challenge 2012

1

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

2M5-J-10-02



�
�

�
�

�
�

�
�

�

�

Σ

	
�



�

	

  �
�

 �
�

�
�

�
�


�

�
���

�
���

�
���

�
���

�
���

�
���

�

�

�
�

�
	

�
�

�
	

  Ψ
�

 �
�

�

�

�
�

�

�

2:

∗1.
Bag-of-Feature

Monte Carlo Localization

2.3

rt, Ct, μ,Σ, π,G, φv, φn, G0

ret ∼ p(ret = k|xe
t , C

e
t = l,μe,Σe,πe) (1)

∝ N (xe
t |μe

k,Σ
e
k)Mult(ret = k|πe

l ) (2)

Ce
t ∼ p(Ce

t = l|xe
t , v

e
t , n

e
t , r

e
t = k,μe,Σe,φv,φn, Ge)

(3)

∝ Mult(vet |φv
l )Mult(ne

t |φn
l )

×N (xe
t |μe

k,Σ
e
k)Mult(Ce

t = l|Ge) (4)

μe
k,Σ

e
k ∼ p(μe

k,Σ
e
k|ret = k,Xe, μ0, κ0,Ψ0, ν0) (5)

∝ NIW(μe
k,Σ

e
k|μnk , κnk ,Ψnk , νnk ) (6)

πe
l ∼ p(πe

l |re,Ce
l ,X

e,μe,Σe, β) (7)

∝ Dir(πe
l |βnew) (8)

Ge ∼ p(Ge|Ce, G0, γ) (9)

∝ Dir(Ge|γnewG0) (10)

φv
l ∼ p(φv

l |Cl,V , αv) (11)

∝ Dir(φv
l |αv

new) (12)

φn
l ∼ p(φn

l |Cl,N , αn) (13)

∝ Dir(φn
l |αn

new) (14)

G0 ∼ p(G0|G, γ, γ0) (15)

∝ Dir(G0|γ0,new) (16)

∗1 ILSVRC2012:http://www.image-
net.org/challenges/LSVRC/2012/
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γ = 10, γ0 = 10 π
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e
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t )p(x
e
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e
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t )p(C
e
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{∑

Ce
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e
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e
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Ce
t
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(20)
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3.3.4

κ κ

-1 1 1

Landis κ 0 (poor)

0 0.2 (slight) 0.2 0.4

(fair) 0.4 0.6 (moderate)

0.6 0.8 (substantial) 0.8

2:
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κ =
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∑
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∑
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∑
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t
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√
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