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Motion Recognition System Generating Motion Sentence
using Large-Scale and High-Order N-grams
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Motion recognition is an essential technology for social robots in various environments such as homes, offices
and shopping center, where the robots are expected to understand human behavior and interact with them. In
this paper, we proposed the system composed of three models: motion language model, natural language model
and integration inference model, and achieved to generate natural motion sentences with using large high-order
N-gram. We confirmed not only that using more high-order N-gram improves a precision of generating motion
sentences in the case of long sentence but also that the computational complexity of the proposed system is almost
same as conventional one. In addition, we improved the precision by aligning the graph structure representing
generated motion sentences into confusion network form. This means that simplifying and compacting morpheme
word sequence have effect on the precision of generating motion sentences, too.
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Algorithm 1 calculating summation of word N-gram prob-
abilities
1: len < get the number of morpheme words in a sentence
2: totalLogP <+ 0.0 {total of word N-gram probabilities}
3: for i = 1 to len do
4

logP(ilt —len+1,...,i — 1) « get the maximal word
i-gram probability
if logP(*) is not log(0) then
total LogP < totalLogP + logP(x)
end if
end for
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Algorithm 2 finding the maximal word N-gram probabil-
ity and accumulating backoff weights

1: initialization

2: repeat

3:  logP <« find log probability of context from trie node

4 if logP is valid then

5 record logP as the most specific one found so far

6: reset backof fweight

7 end if

8  if ¢ > maximal context length or context[i] is none
vocab then

9: break

10:  end if

11:  next < find context[i]

12:  if next is valid then

13: accumulate backof fweight
14: set next as next trie node
15: increment ¢

16: else

17: break

18: end if
19: until break command is occurred
20: return logP + backof fweight
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O 2: Outline of integration inference model. The whole
search is divided into 2 steps.
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2-gram series
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0 3: Word trellis and its use in word expansion on word
lattice.
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O 4: The alignment of graph structure from N-best list to
word confusion network through word lattice.
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0 1: Cut-off and Total number of each N-gram

Total Number

N Cut-off Before Cut-off [ After Cut-off
1-gram 50,000 2,565,424 67,260
2-gram 5,000 80,513,289 3,769,894
3-gram 1,000 394,482,216 17,593,003
4-gram 1,000 707,787,333 20,132,262
5-gram 800 776,378,943 19,485,755
6-gram 500 688,782,933 18,521,684

O 2: Processing time of two motion recognition systems

Motion Index 60 260 290 329 386

‘Words 3 3 3 4 3

Conventional 5.46 | 7.13 | 5.49 | 16.80 | 9.16

Timels]

Proposed 8.00 | 6.68 | 6.27 | 49.53 | 7.82
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O 3: Time and WER when varying the order of N-gram

[ N [ Timefs] ] Sub [ Ins | Del | WER [ Words |
2-gram || 7.7 022 [ 054 [ 054 [ 3.84 5
3-gram 56.4 0.22 | 0.48 | 0.48 3.33 5
4-gram || 227.2 0.14 | 0.54 | 0.54 | 3.50 5
5-gram || 417.4 0.43 | 0.43 | 043 | 3.44 5
6-gram || 618.7 0.36 | 0.39 | 0.39 | 3.06 5

0 4: WER of 10-best average, 1-best and CN-best
[ [ Sub | Ins | Del | WER [ Words |

10-best Avg || 0.36 | 0.39 | 0.39 3.06 5
1-best 0.40 | 0.32 | 0.32 2.72 5
CN-best 0.44 | 0.16 | 0.16 1.84 5
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