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Abstract

We have participated in ”ad hoc IR task”. Possibly
it was more suitable for participation in ”automatic term
recognition and role analysis task” as a result. However,
this is the first time that we actually make a information
retrieval system, and so we participated in more standard
task, ad hoc IR task, for the time being.

In this research, we present an AIC based method for the
selection of significant words in information retrieval, and
the comparison experiment with the conventional technique
using the x2-test was performed. Therefore, it turns out
that the high search accuracy is obtained, as compared with
x2-test in which setting up a suitable level of significance is
difficult. Moreover, it shows that by using only term of 1/7
to 1/9 of the whole selected by this AIC based methods, the
search accuracy is close to that of the baseline (all terms in
use).
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1 Introduction

In recent years, research of large vocabulary continu-
ous speech recognition is progressing greatly. Outstanding
speech-recognition software such as ”Via Voice(IBM)” (the
number of vocabularies about 44,000)[1] has appeared.

As a practical toolkit which attains high recognition ac-
curacy and a real time response, there is ” Japanese Dicta-
tion ToolKit”[2] of IPA (Information-technology Promotion
Agency, Japan), in which a word dictionary of 20,000 vo-
cabularies is prepared.

However, few practical speech dialogue systems have been
presented, such as ATIS(Air Travel Information System)[3]
and the speech translation system([4] of ATR which task is
travel guidance. Moreover, such systems only have vocabu-
laries of several thousand words.
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If the task of the spoken dialogue system is resticted,
such as an simple guidance system, robot operation, etc.,
such a small vocabulary may be sufficient. However in tasks
like information retrieval, the number of words in the vocab-
ulary used there increases according to the number and type.
Therefore, it is necessary to use several sets of dictionary.

Thus, from the viewpoint of speech recognition technol-
ogy, it is important to select significant words, and narrow
down the number of words to use, based on the task or the
user’s requirements.

Moreover, also in the viewpoint of information retrieval
technology, it is thought that it is very desirable to extract
beforehand an effective vocabulary of significant words as
keywords for retrieval, since using an unsuitable vocabulary
as a keyword reduces search accuracy.

In this research, we will propose a significant words selec-
tion method suitable for the information retrieval by speech.

2 The Significant Words Selection Method Using x>-test

As atechnique of determining significant words, the method

of verifying the correlation by x2-test[5], between the word
which appears in a document and the category which is as-
signed to a document is proposed.

Given the condition that each document in the data col-
lection has at least one category code, and each word has a
unique ID, the significance of each word is calculated by the
following process.

(1) When considering w as the event an object word appears in
a document, and c as the event in which the object category
is assigned to a document, the 4 numbers of the following
events are counted.

m11 : number of docs in which w N ¢ is realized
n12 : number of docs in which w N —c is realized
ne21 : number of docs in which —w N ¢ is realized
nao : number of docs in which ~wN ¢ is realized

At this time, the correlation between the appearance of a
word and the assignment of category is expressed in the
following contingency table (Table 1) in which term ID and
category codes are used as a key.

w ni11 niz
—w n21 n22

Table 1: Contingency Table



(2) Using the contingency table, x2-test (test of independence)
is made. Tt is that the following statistic xo2(w,c) is cal-
culated under null hypothesis in which “w and c are inde-
pendent mutually”.

X02(w1 C) = w1 + w1
cL— co - —
N N
2 2
2 2
(n21 —c- —) (’ﬂ22 —c2- —)

+ ) + W3

c1 - — co - —

N 2N

(N =n11 +n12 + no1 + naa,
w1 =ni11 + N1z, w2 = N21 + no2,

c1 =ni1 +n21, 2 =ni2 +n22 )

(3) Inthe contingency table, xo2(w, c) is followd by x2-distribution

of which degrees of freedom f=(2—-1)(2-1) =1.

If test is made on level of significance «, rejection region of
null hypothesis is x2(f, a). For example, when degrees of
freedom is 1 and level of significance is 0.05(5%), rejection
region x2(1,0.05) is 3.84 refering to x2-distribution table
(Table 2).

degrees of level of significance

freedom | 0.500 | 0.100 | 0.050 | 0.025 | 0.010 | 0.005

1 0.45 2.71 3.84 5.02 6.63 7.88

1.39 | 461 | 599 | 7.38 | 9.21 | 10.60

2.37 6.25 7.81 9.35 | 11.34 | 12.84

3.36 7.78 9.49 | 11.14 | 13.28 | 14.86

Y | W

4.35 9.24 | 11.07 | 12.83 | 15.09 | 16.75

Table 2: x2-distribution table
Therefore, if

xo0%(w,c) > x*(f, )

is fulfilled, null hypothesis is rejected and w and c¢ have
correlation. P(c), appearance probability of c, is considered
as the weight of a category.

And I(W), the significance of each word W, is defined with
the following formula.

I(W) = Z P(c)

ce{z|xo?(w,2)>x2(f,a)}

However, it is difficult to set up suitably level of signif-
icance required for y2-test. Moreover, in the task of the
similar document retrieval which searches few similar docu-
ments from a lot of documents, since an extreme difference
is in both numbers of documents, it is thought that the
method using x2-test which is weak in the fluctuation with
the delicate number of events is not effective.

Then, we will propose a significant words selection method
based on Akaike’s Information-theoretic Criterion (AIC)[6],
as a statistical method in which level of significance is not
needed and which is robust for the fluctuation of data.

3 The Significant Words Selection Method based on AIC

3.1 AIC (Akaike's Information-theoretic Criterion)

?Logarithmic Likelihood”, i.e., the accuracy of a model,
and the number of parameters used for logarithmic likeli-
hood calculation, have a trade-off relationship. AIC is a
method which is capable to solve this trade-off well. The
general formula of AIC is as follows.

AIC = —2x (logarithmic likelihood)

+2 X (the number of parameters of a model)

AIC value is calculated for every model. The model
which has the minimum AIC value is considered the op-
timum model.

3.2 Significant Word Selection Method

We explain about significant word selection method based
on AIC. In the same way as the above x2-test based method,
given the condition that each document in the data collec-
tion has at least one category code, and each word has a
unique ID, the significance of each word is calculated by the
following process.

(1) The logarithmic likelihood MLL and AIC value are
calculated about the model assumed that ¢ and w oc-
cur independently (Independent Model, IM) and the
model assumed that a dependency is amond both (De-
pendent Model, DM)[7] in the above contingency table
in which term ID and category codes are used as a key.

MLLim(w,c) (n11 4+ n12) log(ni1 + niz)
(n11 + n21) log(nir + na1)
(n21 4 na2) log(nai + na2)
(n12 + n22) log(niz2 + na2)
— 2NlogN

—2 X MLL[M(w,C) +2x2
ij logni; — Nlog N
,J
—2 X MLLDM(U),C) +2x3
(N =mn11 + ni2 + no1 + n22)

++ +

AICiMm(w,c)
MLLDM(w, C)

AICpm(w,c)

(2) Based on the conditions that the model with a smaller
AIC value is more optimal, the significance of a word
is judged by the following formula.

AICpm(w,c) < AICIpm(w,c)

(3

=

If (2) is fulfilled, it consider that an appearance of ob-
ject word W and category ¢ have correlation. Further-
more, the weight of word at this time is considered as
consisting of the weight of a category and the weight
based on AIC value of a model. Total likelihood P
with a higher weight is defined as the following formu-
la using P(c), appearance probability of ¢, and P(DM)
and P(IM), occurence probability of each model.

P(DM)
P=pamn "



Moreover, multiplying the logarithm of both side of
this equation by 2 and transforming it, the following
formulas

2log P
2log P —2

—(—2X MLLpym +2 % 3)
+(72 X MLLiy +2 X 2)
+2log P(c)

= AICim — AICDu + 2log P(c)

are obtained. Then, it considers that the right side of
this equation should have a bigger value in order to
increase total likelihood.

Now I(W), the significance of each word W, is de-
fined with the following formula, and the way of this
weighting is named AIC_th.

W) = Z (AICIM(W, ¢)—AICp M (W, c)+2log P(c))
.i.

T iCcE {x‘AICDM(W, x) < AIC[M(VV, x)}

In contrast to such as theoretical word weighting, the
way of weighting based on actual numeric value is
named AIC_pr and defined as the following.

AICim(w,¢) — AICpm(w,c) > 0, the weight based
on the difference of AIC value of a model, has the
distribution as shown in Fig. 1 (number of 1 - 59 on
the x axis corresponds to each category, and each plot
point represents word).

It shows that the words differ widely in significance
according to category. Therfore, it cannot be said that
the significant word obtained is comprehensive.

Then, the logarithm is calculated after adding 1 to
this value. The reason of calculating the logarithm is
to hold down extremely high value, and of adding 1 is
to make it value bigger than 0.

Moreover, the reason that their values were not de-
vide by maximum for a difference of AIC value, and
not make into one or less value is that we think the
weight based on AIC value of a model is more im-
portant than the weight of category. In this way, the
weight obtained has a distribution as shown in Fig. 2.

That which added these two weights is defined as I(W),
the significance of each word W, and it is expressed
with the following formula.

w)=3%" (10g(1+AICIM (W, )= AICDx(W, c)) +P(c))

.I.
t:c€ {z|AICoM(W,z) < AICMm(W, z)}

2log P(DM) — 2log P(IM) + 2log P(c)
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Figure 1: The distribution for a difference of AIC
value (AIC_th)
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Figure 2: The distribution for a difference of AIC
value (AIC pr)

4 Outline of Information Retrieval System

4.1 Retrieval Model

Similarity Sim(Q, Dg4) between query @ and document
Dgq is calculated by the following formula based on the well
known vector space model (w is the term weight).

Since the main object of this research is the evaluation of
significant word selection, retrieval techniques such as rele-
vance feedback and query expansion were not applied in this
experiment.

n
E Wq,t " Wd,t

t=1

n n
2 2
U)q,t . wd’t
t=1 t=1

Sim(Q, Dd) = cos(Q, Dq) =



4.2 Data Preprocessing

The following processes were made on the abstract data
for preparation.

e All the half-size (8bit character) symbols in abstract
data were removed.

e Chasen ver1.51[14] was used for the morphological anal-
ysis of each data. No changes were applied to the pro-
gram environment or to the dictionary.

Nouns (common, proper, verbal, time, name, place),
numerals, adjectives, noun prefixes, noun nature noun
suffixes, and undefined words were extracted for index-
ing.

e A stopword list consisted of 550 words (299 English,
251 Japanese) was prepared (see appendix).

5 Experiments

In this experiment, the abbreviation of the society was
used as the category code for each document. For example,
”The Institute of Electronics, Information and Communica-
tion Engineers” becomes "IEICE”. Based on this catego-
rization, the contingency table was made for all 352K words
which occured in 339K docs and 59 categories.

There are three reasons the society name was used for
categorization.

1. There is no document without one category.

2. In order to reduce the amount of calculation, it was
necessary to set the number of categories to 100 or
lower.

3. The correlation with a word and a society name is pre-
sumed to be an important key for document similarity.

5.1 Experiment Procedure

First, an experiment to determine the optimum level of
significance for x*-test based word selection was made.

The level of significance was set to 5.0, 2.5, 1.0, 0.5(%),
and the number of selected words was set to 10000, 20000,
30000, 40000, 50000. The precision and recall of the search
was calculated for all conditions.

Next, an experiment was made to compare AIC and x2-
test based word selection and random word extraction. For
this experiment, the optimum level of significance for x2-
test was set based on the results of the previous experiment.
The number of selected words are also set as in the previous
experiment.

All experiments are made by using the training search
topics (30 query). Relevance assesments set used for evalu-
ation of search accuracy is JE Collection 1 (JE-1).

5.2 Experiment Results

5.2.1 Determination of The Optimum Level of Signifi-
cance in x2-test

The 11-point recall-precision and non inter-polated aver-
age precision for all relevant documents (average precision)
in each number of significant words at the time of changing
a level of significance in x2-test are shown in Figs.3-7, and
Table.3.
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Figure 3: Comparison of the search accuracy by level of
significance in x>-test
(number of significant words 10000)
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Figure 4: Comparison of the search accuracy by level of
significance in x2-test
(number of significant words 20000)
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Figure 5: Comparison of the search accuracy by level of
significance in x2-test
(number of significant words 30000)
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Figure 6: Comparison of the search accuracy by level of
significance in x>-test
(number of significant words 40000)
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Figure 7: Comparison of the search accuracy by level of
significance in y2-test
(number of significant words 50000)

LoS number of significant words

(%) | 10,000 | 20,000 | 30,000 | 40,000 | 50,000
5.0 1431 1886 .2152 .2184 .2260
2.5 .1492 1736 1812 .2080 .2083
1.0 .1565 1790 .2099 2128 2279
0.5 1785 .1856 2135 .2458 .2368

(LoS : Level of Significance)

Table 3: Relationship between level of significance and
average precision
(using search topics for training)

From these results, it is clear that the significance lev-
el of 0.5% has achieved the best performance. However, a
correlation between the significance level and search accura-
cy can not be observed from these results, since the search
accuracy does not correspond with change of significance
level. Theoretically, the accuracy should decline as the level
of significance increases, but the results show that the accu-
racy for significance level 2.5% is generally worse than other
levels.

Similar experiments were made on the evaluation topics.
The average precision for these experiments are shown in
Table 4. For this experiment, the accuracy of significance
level 1.0% was the best, and the accuracy of significance
level 2.5% was the worst.

These results prove that the optimization of significance
level for x2-test based word selection is difficult.

LoS number of significant words

(%) | 10,000 | 20,000 [ 30,000 | 40,000 | 50,000
5.0 | .1455 | .1933 | .1930 | .1889 | .1914
2.5 | 1443 | .1923 | .1907 | .1914 | .1914
1.0 | .1591 | .1868 | .1933 | .1917 | .1975
0.5 | .1458 | .1835 | .1917 | .1958 | .1956

(LoS : Level of Significance)

Table 4: Relationship between level of significance and
average precision
(using search topics for evaluation)

5.2.2 Comparison of three Methods, AIC, X2—test, and
Random Extraction

The result when performing significant words selection
and search experiment based on three methods, AIC, x2-
test (level of significance 0.5%), and random extraction is
shown below.

The 11-point recall-precision graph for every method is
shown in Fig 8-11.
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Figure 8: AIC_th
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Figure 14: Search result by three methods
The 11-point recall-precision graph for every number of (number of significant words 30000)
significant words is as follows(Fig. 12-16). For compari-
son, the result at the time of setting up the worst level of
significance (2.5%) was also plotted.
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Figure 16: Search result by three methods
(number of significant words 50000)

which compared three methods and average precision for
every number of significant words is shown in Table 5.

number of significant words

10,000 | 20,000 | 30,000 | 40,000 | 50,000

ATCth 1804 | .2033 | .2060 | .2111 | .2108
-.0229 | -.0027 | -.0051 | +.0003 -

ATC pr 1820 | .2047 | .2202 | .2389 | .2363
-.0543 | -.0316 | -.0161 | +.0026 -

X *-test 1785 | 1856 | .2135 | .2458 | .2368
(best:0.5%) | -.0583 | -.0512 | -.0233 | +.0090 -

X -test 1431 | 1736 | .1812 | .2080 | .2083
(worst:2.5%) | -.0652 | -.0347 | -.0271 | -.0003 -

random - - - - .0627

Table 5: Comparison of three methods, AIC, x2-test,
random extraction

From Figs 12-16, it sis clear that AIC-based word selec-
tion is more effective than y>2-test.

In the method based on AIC, AIC_th is compared with
AIC_pr which changed the way of word weighting.

In AIC_th, if the number of significant words becomes
30,000 or more, accuracy is remarkably bad compared with
x>-test based method which set up the optimum significance
level. Although it means that the omission of effective words
is large when increasing the number of significant words to
extraction, accuracy is better than the case where the worst
significance level is set up.

On the one hand, even if, as for the case of AIC_ pr,
the number of significant words becomes more than 30,000,
accuracy is not bad so much. That is, it means that the
omission when increasing the number of significant words is
small, and can be said that it is stable way of weighting.

Moreover, the decline of accuracy corresponding to the
reduction of selected words was lower for AIC compared to
that of x2-test, as shown in Figs 7-10.

The experiment results show that even by selecting 40,000
words using the AIC-based method, the search accuracy was
close to that of the baseline. This means that by using the
proposed method, the dictionary can be reduced to 1/7 -
1/9 of the original, while preserving accuracy, proving the
effectiveness of our method.

Meanwhile, for the conventional method based on x2-
test, it is necessary to set an optimum significance level to
achieve similar accuracy. However, our experiments could
not clarify a theoretical method to do so.

6 Conclusion

In this research, the method of performing significant
word selection based on AIC in information retrieval was
proposed, and comparison experiment with the method us-
ing x>-test which is the conventional technique was per-
formed.

Consequently, when the number of significant words is
set as 10000, 20000, 30000, 40000, and 50000, collectively,
the method using AIC has search accuracy better than the
method using x>-test, proving that the terms obtained by
the method based on AIC contains more effective terms for
retrieval.

For the conventional x2-test based method, we clarified
the difficulty to derive an optimum significance level. Our
experiments also showed that the decline of accuracy re-
sulting from the reduction of selected words was higher for
x2-test compared to AIC.

These results prove the superiority of our method.

Future tasks include the application of IR techniques
such as relevance feedback or query expansion, and the im-
plementation of our method to a spoken dialogue IR system
with an automatic vocabulary switching function.
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Appendix : Stopword List

a about above aboveboard across after afterward afterwards
again against albeit all almost alone along already also although
always among amongst an and another any anyhow anyone any-
thing anywhere are around as at

b be became become becomes becoming becouse been before
beforehand behind being below beside besides between beyond
both but by

¢ can cannot co could

d do down during

e each eg either else elsewhere enough etc even ever every
everyone everything everywhere except

f few first for former formerly from further

g gradually

h had has have he hence her here hereafter hereby herein
hereupon hers herself him himself his how however

i ie if in inc indeed into is it its itself

i

k

1 last latter latterly least less 1td

m many may me meanwhile might more moreover most mostly
much must my myself

n namely neither never nevertheless next no nobody none
noone nor not nothing now nowhere

o of off often on once one only onto or other others otherwise
our ours ourselves out over own

p per perhaps periodically

r rather

s same seem seemed seeming seems several she should since
so some somehow someone something sometime sometimes some-
where still such

t than that the their them themselves then thence there there-
after thereby therefore therein thereupon these they this those
though through throughout thru thus to together too toward
towords

u under until up upon us usually

v very via

w was we well were what whaterer whatsoever when whence

whenever whensoever where whereabouts whereafter whereas where-

at whereby wherefrom wherein whereinto whereof whereon where-

to whereunto whereupon wherever wherewith whether which whichev-

er whichsoever while whilst whither whithout who whoever whole
whom whomever whomsoever whose whosoever why will with
within without would

b'd

y yet you your yours yourself yourselves

zZ

HHEL, HVF, HBEE, VD, WD, LD, WVBED, Wb
i, B, iob\f BX, 7b> b, 7)>o 7>>f‘o M %orbw‘ EX N
__,_}: _0)9% _oii _@F‘i _0)&‘%,_0)?5 , ZA, &
W, &F, Lbw, L,7)= L%, Lt, L@/V C, 3, 30, vf% +hb
’6,*3‘7%'4*7%,'9"0,'&}1/2:,%5,%<,%:,%0),%0)tb,%@ii,
EDLD, EOHK, TOM, TV, T2, R EL, 725, I, b,
DE, DL, TEL, LED, LA, LLI, LD, EHL, ED, FDHE,
ENIET, I, e 2 & R ITE D T UD, R, 1L, &, RE IR
LW IEAR, £, 59, 5k, 520, 2,47, 9,520, be, ¥z, &
V2, k5,6, E,0E, 00 %0

Ak, DLRG, S8, %, RS, Tk, Toa, MRIR, RN, MRAN, B, 4TS,
BEBL, IR, BEEE, HERE, &, WeRR, I, B, e, FH, Wiy, M, B
F'EJ Emam, B, Wk, T, BRG], BRA, B, R, BB, R, H,Hﬂ
=&, WRAE, B, BFFE, WRZRBRSE, R, RE L, BUAT, BLE, % IR,
B2, B2, BR B, BE BE TR, BER, %R, 5% T, 5H,
S, A48, Bilt, A, £V 5, 8%, {15, 51, K, LR, R, HER,
Rea e B B O, By, BB, EB, B, £, FEiE, &F, HE, 1€
Sk, HER, M1, F1HT, HEH, 8, Ax, NBE, #8217, $xe, BE,
oo, BRE, BT, BRE, 3, A, AR, L, K, FH, EH, B
UWE, B, BEL B8R, By, BR, B, |8, B, Uik, 44, Bk,
Bhm, B, A, KA, B &, F, B8R, BR, K, K44, 1, £F, ¥,
5B, SCHR, SRR, Wi, B, A, AL, Ak, KK, #, M, B, M
RERD, R, K, 505, R, 5T, B LW, R, 347, Bh, #RsC



