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Exploiting Human Judgments for Automatic Text Summarization:

An Empirical Comparison

TADASHI NoMOTOt and YUJI MATSUMOTO't

The paper empirically examines how variation in human judgments on sentence extraction
affects performance of summarizers. In particular we will be concerned with how summarizers
from two different learning paradigms, i.e., supervised v. unsupervised paradigms, fare when
set to the task of extracting a summary from a text. We build a supervised summarizer on the
probabilistic decision tree and an unsupervised summarizer on the K-means clustering, and
compare performance of the two approaches, and some variation on them, on data elicited
from human subjects. It is found that for the most of the time, the clustering approach
outperforms the supervised approach. Somewhat to our surprise, we also found that the
variability in judgment exerts no significant effect on how well the clustering based approach
performs, in contrast to the supervised approach, which is hurt by the variability. Another
notable result is that what we might call the topical structure of text apparently influences
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performance of the summarizers, whether supervised or unsupervised.
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Fig.1 Probabilistic decision tree.
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Table 1 Sentence ending forms.
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Table 2 The X™-means Algorithm. cg here stands for the

entire data space, L for the description length. Cz
indicates a cluster originating from a cluster in-
dexed with j. 2-means indicates K-means with
K =2.

XM-means(co ,Kmax)
begin
C=9¢
(9, ¢9) = 2-means(co)
C=cu{d, 5}
k=2
while k < Kmax and there is no convergence
begin
S = {c:ce€ C,L(2-means(c)) < L(c)}
if S is not empty then
cbestzargcrgig L(2-means(c))
(ck, ck) = 2-means(Cpegt)
C= C\{Cbest} u {Cllc7 Cg}
k=k+1
endif
end
end
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Table 3 JFD-19950 N represents the number of sentences
in JFD-1995. K is an agreement threshold. K =
n means that sentences with votes > n are marked
as positive.

N ooo ooo K
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1424 392 1032 0.381
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1424 150 1274 0.600
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Table 4 The effects of MDL on a two-class decision tree. Figures in the table in-

dicate error rates. The baseline here labels everything as negative. The

testing and training data are constructed with K = 1.
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Table 5 Micro-precision.
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Table 6 Genre-wise performance of DT, DBS, and LEAD on K1.

oo oo oo
« DT DBS LEAD DT DBS LEAD DT DBS LEAD
10% 0.573 0.694 0.667 | 0.507 0.637 0.773 | 0.707 0.707  0.787
20%  0.510 0.711 0.630 | 0.520 0.650 0.720 | 0.600  0.687  0.740
30% 0.491 0.594 0.569 | 0.547 0.617 0.600 | 0.571 0.636 0.678
40%  0.514 0.583  0.551 | 0.541 0.611 0.557 | 0.548 0.631  0.598
50%  0.541 0.596  0.584 | 0.543 0.628 0.554 | 0.546 0.631  0.591
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Table 7 Genre-wise performance of DT, DBS, and LEAD on K2.

oo oo oo
« DT DBS LEAD DT DBS LEAD DT DBS LEAD
10% 0.376 0.392 0.416 | 0.227 0.383 0.520 | 0.560 0.493 0.627
20% 0.355 0.406 0.408 | 0.273 0.442 0.473 | 0.456 0.475 0.560
30% 0.349 0.372 0.358 | 0.280 0.417 0.368 | 0.428 0.485 0.517
40%  0.410 0.415 0.323 | 0.320 0.412 0.328 | 0.429 0.506 0.484
50%  0.408 0.413 0.345 | 0.348 0.422 0.350 | 0.425 0.494 0.472
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Table 8 Genre-wise performance of DT, DBS, and LEAD on K3.

oo oo oo
« DT DBS LEAD DT DBS LEAD DT DBS LEAD
10%  0.208 0.229 0.253 | 0.168 0.213  0.341 | 0.444 0.385  0.500
20% 0.212 0.272 0.261 | 0.203 0.296 0.312 | 0.374 0.365 0.473
30% 0.237 0.282 0.235 | 0.203 0.317 0.273 | 0.350 0.424 0.444
40%  0.304 0.307 0.206 | 0.213 0.300 0.233 | 0.342 0.407 0.386
50%  0.302 0.295 0.220 | 0.240 0.302 0.238 | 0.333 0.367 0.351

09 K40O0O0OO DTODBSOLEAD OOOOOOOO
Table 9 Genre-wise performance of DT, DBS, and LEAD on K4.

oo oo oo
« DT DBS LEAD DT DBS LEAD DT DBS LEAD
10% 0.191  0.142 0.194 | 0.126  0.130 0.295 | 0.412 0.357 0.460
20% 0.211  0.181 0.207 | 0.129 0.211 0.269 | 0.340 0.336  0.441
30% 0.193 0.215 0.186 | 0.118 0.217 0.214 | 0.284 0.366  0.390
40%  0.234 0.218 0.156 | 0.145 0.196 0.181 | 0.264 0.317 0.313
50%  0.225 0.203 0.152 | 0.188 0.195 0.166 | 0.266 0.290 0.268

010 K50OOO DTODBSOLEAD OOOOOODODO
Table 10 Genre-wise performance of DT, DBS, and LEAD on K5.

oo oo oo
[e% DT DBS LEAD DT DBS LEAD DT DBS LEAD
10% 0.144  0.147 0.175 | 0.093 0.113 0.273 | 0.402 0.271  0.441
20% 0.163 0.158 0.167 | 0.098 0.159 0.222 | 0.328 0.260  0.392
30% 0.136  0.153 0.136 | 0.071 0.134 0.162 | 0.276 0.268 0.311
40%  0.188 0.154  0.107 | 0.070 0.117  0.141 | 0.228 0.228  0.246
50% 0.165 0.136  0.099 | 0.093 0.137 0.128 | 0.212 0.213  0.204

goooooooooobooooooooooooo 2000000000000D0O00DOOO0OO0
goboooooobooborobobbobOobO0oobooooon 0O KiOOOO K200O000 300000000
gboboooooooooooobooocobouoboooboo O0000K3ODK4O0K50O0O0OOOOOO0O00O000
gboooooboooooo O2000000000000K1 0000000

gbobooooocoooboooooobooooobooooon
Y 02030000000000000000000000000

00000000000000000000000000000 k2bboboooouoooo
0000000000 000000000000000000 02030 00000000000000000O00



Vol. 45

oooooooooooooo

801

Votes Won(%6)
Votes Won(%6)

L‘T‘ﬁJ

0.0 0.05 010 0.15 0.20 0.25
0.0 0.05 010 0.15 0.20 0.25

—L\_I_‘—"\_I—‘—‘

Votes Won(%)
0.0 005 010 0.15 0.20 0.25

0 2 4 6 8 10 0 2

Location of Sentence

4

Location of Sentence

4 6 8 10

04

6 8 10

Location of Sentence

Votes Won (%)

0.0 005 010 0.5 020 0.25
Votes Won (%)

0.0 0.05 010 0.15 0.20 0.25

Votes Won (%)
0.0 005 010 0.15 020 0.25

~

4 6 8 10

o 4
~

Location of Sentence

4

Location of Sentence

2 4 6 8 10

o 4

6 8 10

Location of Sentence

02 0000000000000000CO00CODO0O00 K1o0K20000000D0

Fig.2 Each panel here shows the ratio of votes won by a block of sentences over the

total number of votes cast, for various Ks and domains. The rows (from top

to bottom) respresent K1 and K2. The columns respresent various domains
(‘Shunju,” ‘Shasetsu,” and ‘Hdd6,” from left to right).
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Fig.3 Continued from Fig.2. We are looking at results for K3 (top row), K4
(center row) and K5 (bottom row).
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the total number of votes cast. The columns represent domains, ‘Shunju,’
‘Shasetsu,” and ‘H6do,’ from left to right.

012 K100O0OOy=5%0A00 v=10%0BOO0OO0O0O0O0O F10O
Table 12 Performance in F1 of the models on K1, at v = 5% (A) and v = 10% (B).
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