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Abstract Speech recognition strategy for open-domain speech understanding and its application to a key-sentence 

extraction, which is a first step of speech understanding, are presented. Firstly, a weighted word error rate (WWER), 

which is an evaluation measure giving a weight on errors from a viewpoint of speech understanding, is described. 

Then, we show a decoding method to minimize WWER based on Minimum Bayes-Risk (MBR) framework. We 

have investigated N-best list based MBR decoding. In this paper, several wordgraph based MBR decoding algo^ 

rithms are presented, and then, we show the effectiveness of confusion network based decoding strategy. Finally, we 

demonstrate that the decoding method works reasonably for improving both WWER and key sentence indexing. 
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ASR result : a b c d e f 

Correct transcript : a c d' f g 

DP result : C I C S CD 

C: correct word, /: inserted word, 

D: deleted word, S: substituted segment 

WWER = (V7 + VD + VS)/VN * 100 

VN = Va + Vc + Vd' +vf +V9 

Vi =v6 

VD=vg 

Vs = max(vd + ve, vj/) 

V{: weight of word i. 

(WWER) 

Fig. 2 Example of weighted word error rate (WWER) calculation 

t. 

3. 

(WWER) 

3.1 

(8) 

:X-

=argmin 

w 

^;) • P(W'\X) (9) 

[10]. 

6(X) =argmin V l(W, W')Xl P(W\ (10) 

bis. a: (8) 

do) tc/ 

(Sentence Error Rate) 

(t b < ttfi/J^I6IE«l=Leveiishtein dis 

tance) 

4. 

^7 (wo 

4.1 

Lfctfo (2) 

(3) 

(4) 

(5) 

^-

(6) 

(11) Jc 

where 

l(Ws,Wi) = 

ccx% X(Wj) lifaM Wj 

%X&>), Wej 

LfctfoT. 

4.2 

N-best 

f 

-127-



, N-best y Table 1 MBR decoding - comparison of search algorithms 

(2) 

(3) 

best list 

C CX, 
CN 

4.3 3>7i-

, & (id tft (12) 

(wo 

N-gram 

-^ (CN) 

(l) 

(2) 
, N-best 

(3gram) {c 

(4 ) 

(2) N-best (12)) 

& (13) fc 

:. 5^ (13) fc 

4.4 

^|g^^7 (WG), N-best 

7-^ (CN) 

(13) <D P(wi 

(13) 

. IMBIfcitt CSJ O-r 

i (¥&mmiomm) zm^it. sm^^y^msik 

O*^ftLfc^, ^n6(COl/^Tfi Julius 

(1-best) 

l icffst. CN 

. N-best 

<z>. cn 

J: a tc 

Fig. 3 Confusion Network 

-128-



Table 2 Comparison of several calculation methods of hypothesis Table 3 Presumed discourse markers from academic oral presen-
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Table 5 Results of WWER minimizing decoding 
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