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Use of Combined Topic Models in Unsupervised Domain
Adaptation for Word Sense Disambiguation

a)

Sumnya Kunmd Hiroyukr SumNoutP)

Abstract: Topic models can be used in the unsupervised domain adaptation for Word Sense Disambiguation (WSD).
In the domain adaptation task, three types of topic models are available: (1) a topic model constructed from the source
domain corpus: (2) topic model constructed from the target domain corpus, and (3) a topic model constructed from
both domains. Basically, three topic features made from each topic model are added to the normal feature used for
WSD. By using the extended features, SVM learns and it solves WSD. However, the topic features constructed from
source domain has weights describing the similarity between the source corpus and the entire corpus. In six transitions
of domain adaptation using three domains, we conducted experiments by varying the combination of topic features,
and show the fectiveness of the proposed method.
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ing data in the source domain is improved; however, in his study,
the topic model is made by only the target domain. As indicated
In this paper, we propose an unsupervised method of domainby Shinnou, it is unclear how topic models can be used for WSD.
adaptation for Word Sense Disambiguation (WSD) using topic Further, in the domain adaptation task for WSD, the following
models. three types of topic models are available: (1) a topic model con-
An inductive learning method is used in many tasks of natural structed from the source domain corpus; (2) a topic model con-
language processing. In inductive learning, training data is cre- structed from the target domain corpus, and (3) a topic model
ated from corpus A, and a classifier learns from the training data. constructed from both domains. It is also unclear whether there
The original task is solved by using the classifier. During this is an éfective combination of these topic models. The aim of this
analysis,data for the task is in corpus B, whiclatlis from the paper is to illuminate the latter problem.
domain of corpus A. In cases, the classifier learned from corpus The use of topic models in this paper adopts a similar approach
A (i.e., the source domain) cannot analyze data corpus B (i.e.,to Shinnou [17]. Basically, three topic features made from each
the target domain). This problem is called the domain adapta-topic model are added to the normal features used for WSD, and
tion problem, which is also regarded as a component of transferthe classifier learns using the extended features; however, the
learning in the field of machine learning. The domain adaptation topic features constructed from the source domain has weights
problem has been extensively researched in recent years. describing the similarity between the source corpus and the entire
The method of domain adaptation can be divided into two corpus because the topic features made from the source domain
groups from the viewpoint of whether labeled data is to be used do not necessarily improve the accuracy of WSD, and sometimes
in the target domain. When using labeled data, it is called su- actually reduce the accuracy. When it can be determined that a
pervised learning, while unsupervised learning does not use la-topic feature made from the source domainffeetive for WSD,
beled data. There is substantial research on supervised learninghe value of r is approximately 1. In contrast, when it can be de-
technigues. Conversely,not much attention has been paid to untermined that a topic feature made from the source domain is not
supervised learning because of low precision; however, we adopteffective for WSD, the value of r is approximately O.
the unsupervised learning approach because it is does not require The weightr is set by following equation:
labeling. KL(T,S +T)
Shinnou and Sasaki examined the unsupervised domain adap- "= KL(T,S + T) + KL(S,S + T)
tation for WSD [17]. In his study, the topic model is built from where S is the source domain corpus, T is the target do-
the target domain corpus, and topic features constructed from thismain corpus, and ST is the combined domain corpus; further,

topic model are added to training data in both source and targetKL(A,B) is the Kullback Leibler (KL) divergence of A on crite-
domains. As a result, the accuracy of the classifier made by train-

1. Introduction

rion B.
T AToINaK Hitachi Tbaraki 31685117 In our experiments, we chose three domains, PB (books), OC
-1Z-1Nakanarusaa, Ritacni, Iparaki — , Japan . .
) 13nm707s@hcs.ibaraki.ac.jp (Yahoo! Chie Bukuro), and PN (news) in the BCCWJ corpus,
b shinnou@mx.ibaraki.ac.jp and selected 17 ambiguous words that had a comparatively high
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frequency of appearance in each domain. tp(S). The topic features made from the target domain is denoted

Domain adaptation has the following six transitions: (1) from by tp(T). The topic features made from the both domain is de-
PB to OC, (2), from OC to PB, (3), from PB to PN, (4), from PN noted by tp(ST). The normal features used for WSD is denoted
to PB, (5), from OC to PN, and (6) from PN to OC. In every do- by B.
main adaptation, we conducted experiments by varying the com- The following cases using the topic features for WSD are con-
bination of topic features. Through our experiments, we show the sidered:
effectiveness of our proposed method. (1) B +tp(T)

. (2) B+tp(S+T)

2. Use of the Topic Model for WSD (3) B + tp(T) + tp(S+T)

In recent years, supervised learning approach have a great suct4) B + tp(T) + tp(S)
cess for WSD, but this approach has the data sparseness probleni5) B + tp(T) + tp(S+T) + tp(S)
Generally, a thesaurus is used for the data sparseness problenf6) B + tp(T) + tp(S+T) + r * tp(S)
There are two types of the thesaurus which is constructed by hand (1) and (2) are simply uses of the topic features for reflecting
and constructed automatically from a corpus. The former has athe knowledge of the target domain. (3) , which has the weight of
high quality, but has the domain dependence problem.The latter isthe knowledge of the target domain,is also a promising method.
not so high quality, and has an advantage that can be constructed problem occurs that how tp(S) is used.
form each the domain. In this paper, the latter is used in oder to  Currently, the key to a solution is how the knowledge of the

deal with the domain adaption problem. source domain is used in domain adaptation. When the knowl-
Topic model is a stochastic model that introducéd edge of the source domain is used, it does not necessarily im-
dimensional latent topics into generation of documenis prove the accuracy of WSD, and sometimes actually reduce the

accuracy. Because of this, there is no guarantee that (4) is better
than (1), (2) and (3).

(5) use tp(S), but is a promising method. This idea is simi-
lar to Daung [5]. In study of Daurg, vectorx, of training data in
the source domain is mapped to augmented input space (0),
and vectory, of test data in the target domain is mapped to aug-
mented input space (8, x;). Classification problems are solved
by using the augmented vector. This is known as the very simply
and the high fectiveness method. This method is thought that

K
p(d) = )" pEp(di)
i=1

p(wlz;) for each word can be obtained by using Latent Dirich-
let Allocation (LDA) [1],which is one of the topic models. Soft
clustering can be done by using LDA and regarding the tepic
as a cluster.

Suitablep(w|z;) for the domain is obtained by using the domain
corpus and LDA. There are several studies [11][3][2] that use in-

formation of p(wlz;) for WSD, and Hard tagging approach [4] is an effect shows up in domain adaptation because the weight is
used in this paper . Hard tagging approach is a method that giVelearned by overlapping the characteristics common to the source
the wordw to the topic of the highest relevange and the target domain. It can be considered that (5) is added the

knowledge tp($T) common to the knowledge of the source do-
i=arg maxp(wlz;) main tp(S) and the knowledge of the target domain tp(T).
! The proposed method in this paper is (6), and is the amended
First, when the number of topic is fixed, a K-dimensional (5). As mentioned above,the weight has in (6) because the knowl-
vectortis prepared. Second,the topic of the highest relevance foredge of the source domain tp(S) can have a bad influence on ac-
each wordw;(j = 1 ~ n) in a input example is evaluate ,and the curacy of WSD.
value ofi-dimension on the vectaris set 1. Thgn, this opgratlon 4. The Weight in the Source Domain
proceed fromw; to w,. The vector made by this process is called
topic features. The topic features made are added to the normal In this paper, the topic features are used as follows:
feature used for WSD, and extended features is used in learning B + tp(T) + tp(S+T) + r * tp(S)
and discrimination. A problem occurs a apposite setting of the weight
The normal features in this paper are the word in front of and It is considered that the weightis the degree of the general
behind the target word, part-of-speech in front of and behind the knowledge which the source domain has.
target word, and three content words in front of and behind the Generally,in domain adaptation ,the key to the solution is how
target word. the knowledge of the source domain is used. This problem is
3. Three Types of Topic Features closely re!ated to the similarity of the source domain and the tar-
get domain.
In domain adaptation, the following three types of topic mod-
els are available: (1) a topic model constructed from the source4.1 Similarity Between Domains
domain corpus; (2) a topic model constructed from the target do- In domain adaptation, it is necessary that the source domain
main corpus, and (3) a topic model constructed from the both is somewhat similar to the target domain. When the source do-
domains corpus. Three types of topic features can be made frommain is not similar to the target domain completely, it is clear that
three topic models. the source domain data is not useful in the target domain. It is
The topic features made from the source domain is denoted bydifficult to define formally the degree of the similarity, and it is
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recognized one of the most important issue in domain adaptationand is the following equation:
since the dawn of domain adaptation.
Kamishima did not dare to give a concept of this similarity a Psri(w) =
universal definition, and did presuppose how the knowledge of
the source domain is used in the target domain, and did point outwhereNs,, = 3, fu:(w). ps(w) is anoccurrence probability of
that it is important how this assumption is modeled mathemat- the wordsw in the corpusS, and is defined by the following equa-
ically [7]. From this point of view, the similarity between the tion: fi(w)+1
source and the target domains is measured, and it is normal to use ps(w) = ﬁ
the degree of this S'”""”‘_”W fo_r leaming. o whereN, = ¥, fs(w), andV is the number of types of nouns in
Asch measured the similarity among each the domain in part- the corpuss + .
of-speech tagging task, and showed that how the accuracy is re-
duced in domain adaptation by using the similarity [18]. Ha- S. Experiments
rimoto examined factors of performance decrement by varying
the target domain in parsing [6]. Plank measured the similar-
ity among each the domain in parsing, and chose the most suit-

Sort(w)
Ny

In our experiments, we chose three domains, PB (books), OC
(Yahoo! Chie Bukuro), and PN (news) in the BCCWJ corpus

T i [12], and selected 17 ambiguous words that had a comparatively
able source domain in oder to analyze the target domain [14]. high frequency of appearance in each domain. TaBlstiows

Ponomareva [15] and Remus [16] used the similarity among theWords and the number of word sense on dictionary in our exper-

_?_cr)]malns fgr parameterdoE 'e‘f""_‘l'”g |r; sentiment l((:lallsglﬂﬁatlo: iments. PB and OC corpus are gotten from BCCWJ corpus, and
ose studies measured the similarity for every task. Itis thoug tPN is gotten from Mainichi newspaper in 1995.

that the similarity among the domains depend on the target words

in WSD. Komiya changed the learning methods for each target Table1 Targetwords
word by using the property including the distance between do- word PE PE oc oc PN PN
freq. of #of freq. of #of freq. of #of
mains [9] [8] [lo] word senses word senses word senses
= 9 (iu) 1114 2 666 2 363 2
AiL% (ireru) 56 3 73 2 32 2
. . 1< (kaku) 62 2 99 2 27 2
4.2 Setting of the weight r B (kikw) 123 P 24 2 52 2
. i i % (kuru) 104 2 189 2 19 1
Measuring between the source and the target domains is mean +2tm(km;om)o) 93 2 77 2 29 2
F5[H] (jikan 74 2 53 2 59 2
that separating the common knowledge of the both domains and ] ébun; 308 P 28 P 71 2
. L e . . % (deru 152 3 131 3 89 3
the specific knowledge because the similarity is intrinsically mea- 7 (o) 81 7 61 7 3 7
. . Uit (bai) 137 2 126 2 73 2
sured by comparing the common and the specific knowledge. A% ((hairl;) 05 1 & d L2 2
. . . AiI (mae,
The weightr is considered to be the degree of the general £ (i) 2 5 27 5 & 3
O (motu; 15. 4 5!
knowledge that the source domain has. Because of this, it is im- = ((ya;u; 156 7 117 3 27 P
i i b < (yuku 133 2 219 2 27 2
portant to how the general knowledge is set for calculating the Average 1039 | 294 | 1506 | 288 | 722 | 259

weightr. The general knowledge is expressed by the combined
domain corpus, that is contracted the the source and the target do- \we conductsix transitions since there are three domains. We
main corpus. By combining two corpus, weights of the common conducted experiments by varying the combination of the topic
partin two corpus is increased, and itis thought that the combinedteatures ( as mentioned section 3) for above target words on each
domain corpus approximates to the common part. By using KL method, and obtained the average accuracy rate for the words.
divergenceKL(S,S + T) is the distance between Corpus S and Topic model learned by using LD, and the number of top-
the general knowledge, adl.(7, S + T) is the distance between  jcs was fixed 100. Table2 shows the result of our experiments.
Corpus T and the general knowledge. The following relationship  The accuracy rate of method that does not use topic model is
is assumed: lower than the other, and showed tHEeetiveness of topic model
riler=KL(S.S +T): KL(T.S + T) for WSD. The propo§ed method (7) is the highest accuracy rate,
and showed thefkectiveness.
By this assumptiory; is calculated by the following equation: 6. Discussions
KL(T,S +T)

T KL(T,S + T) + KL(S,S + T)

Here, how to measut€L(S, S +T) is describe in the following.
Frequency of the nouns in the corpusS + 7 and in the corpus
S is checked. The definition o€ L(S,S + T) is the following

6.1 Use of the Topic Model

In this paper, the topic features are made from topic models,
and added to the normal features. Several uses of the topic model
for WSD have been suggested.

Use of the topic model for WSD can be divided into the direct

r

equation: and the indirect use.
_ ps(w) *2 word sensds underlain the lwanami Kokugo Jiten in the Japanese dic-
KL(S.S +T) = ZpS(w) log Dsre(w) tionary and middle level sense is targeted in our experiments\ %
- s

(hairu)] is defined three word sense in the dictionary, but is defined four
word sense in PB and PB because a novel sense of the word appears in
BCCWaJ corpus.

*1 All those propertgan be called the similarity among the domains *3 http://chasen.org/ daiti-m/dist/1da/

wherep,.,(w) is an occurrence probability in the corpds+ 7,
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Table 2 Experimental result (average accuracy rate %)

OC-PB | OC—PN | PB—OC | PB—PN | PN-OC | PN-PB | Average
1B 74.18 70.18 70.38 76.94 69.25 74.88 72.64
(2)B + tp(T) 74.58 68.40 70.89 77.78 70.13 75.80 72.93
(3)B + tp(S+1) 73.48 70.46 72.70 78.50 70.25 76.24 73.61
(@) B + tp(T) + tp(S+T) 73.61 69.88 72.45 78.90 70.36 76.86 73.68
(5)B + tp(T) + tp(S) 73.61 68.79 72.09 78.91 70.17 76.48 73.34
(6) B + tp(T) + tp(S+T) + tp(S) 73.92 68.70 72.18 79.41 70.53 76.71 73.58
(7)B +tp(T) + tp(S+T) + r"tp(S) | 73.63 69.89 72.14 79.08 70.58 77.17 73.75
(proposednethod)
Weightr 0.0174 | 0.01139 | 0.9825 | 0.35655 | 0.98861 | 0.6434
Theindirectuse is to fortify the resource used for WSD. Cai Table 3  Comparison with existing thesaurus
used Bayesian Network for WSD, and improved the original theproposemethod | B + thesaurus
i k by i ting the topic features made from oc-pPB 7363 72.85
Bayesian Network by innovating the top OCSPN 59.89 ~0.64
topic model to Bayesian Network [4]. Boyd-Graber introduced PB—OC 7214 70.68
the word sense of WordNet as the additional latent variable into PB—PN 79.08 78.13
LDA, and used topic model to search synset from WordNet [3]. Li PN=0C 7058 69.72
' P y : PN—PB 77.17 75.87
proposed a method of constructing a probability model for WSD ["Average 73.75 7298 |

depending on three circumstances, which Prior probability distri-
bution of word sense was obtained from the corpus or not and theing thesaurusan have aféectiveness. This point is for further
resource of paraphrase in corpus lacked [11]. study.

The direct use is directly using the topic features made from
topic model for WSD. The proposed method belongs to this type. 6.3 Domain Dependence of Thesaurus
Boyd-Graber estimated marginal probability distribution of the  When considering a domain adaptation problem, there is an
word using LDA, and estimated word sense form the probability idea that can use the common knowledge constructed form all
distribution [2]. However, due to unsupervised learning,the nor- domains for all domains in common. In fact, there are such tasks.
mal features is not used for WSD, and it is not study that improve For example, Mori improved the accuracy using the labeled data
a classifier made from supervised learning by using topic model. of each domain, and pointed outs that it is better to use the la-
Cai's paper described above, a method that the topic features ar@eled data of all domains than using the labeled data of each do-
added to the normal features was implemented as a comparisofnain[13].
method with the proposed method [4]. Cai conducted two exper-  In the task in this paper, if the combined corpus of all domains
iments, which hard tag was a method that give the wotd the is made and the topic model is made from this the corpus, it is
topic of the highest relevance, and soft tag was a method that usehought that the topic model can be used in each domain. This
all topic of relevance, and pointed out that the soft tag is better. idea is the method (3) ,B tp(S+T), achieved good evaluation

From the viewpoint of easiness of implement, the direct use value in the experiments results. Moreover, it is clear that the
is better; however, in this case, the corpus domain which builds knowledge of the target domain has fieetiveness in the target
topic model, the size of the corpus and the number of topic have domain, and it can be envisioned that the method (4)tB(T) +
a great influence for the accuracy, and it is necessary to estimatep(S+T) ,has a &ectiveness rather than the method (3), and the
the value of those. Especially, the corpus used in our experimentsexperiments results shows also that.
was 26.8MB in PB, was 0.4MB in OC and was 52.4MB in PN.  The problem is the way of using tp(S). Basically, tp(S) need
The size of OC was smaller than the other. Therefore, the simi-not to be used; however, when the source domain corpus S is
larity between the OC and other was so small. When the sourcesimilar to the combined corpust+S, the topic feature tp(S) has

domain was OC, the weight r was also small. benefit in domain adaptation. In particular, wheh(S, S + T) is
only bigger tharK L(7, S + T), the topic feature tp(S) has benefit
6.2 Comparison with Existing Thesaurus in domain adaptation. In this paper, tp(S) that has the weight is

In this paper, topic models were used as thesaurus. We com-used, but actually tp(S) is also used-as 1 only if the above and
pared the proposed method and the the method that use existis not used in the other cases.
ing thesaurus. We used Bunrui-goi-hybas Existing thesaurus.

Table3 shows the result. 6.4 Domain Dependence of Thesaurus of Each Target Word
The accuracy rate of the method that use topic models is higher  The weight- of tp(S) on the proposed method in this paper was
than using existing thesaurus. set for each domain. There is an idea that the optimum method of

This result suggest that it is better to use topic models con- domain adaptation for each word isférent. We examined that
structed form the corpus of domain that is targeted in the task thanwhether use of the topic modeldfdirs for each word.
to use existing thesaurus when solving WSD. Moreover, consid-  Table4 shows the method of the highest accuracy rate in do-
ering this result, use of a combination of topic models and exist- main adaptation for each word. In addition, the number of table4
corresponds to the number of methods, table2
*4 Japanesstandardhesaurus Seen Table4, several words have tffe@ive methods regard-
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Table 4 the best method of each word

word OC—PB OC—PN PB—OC PB—PN PN—-OC PN—PB
=5 (u) 1 2 3 1 67 35
A5 (ireru) 2 5 4 6 3 7

#< (kaku) 5 3 1234567 123457 2 3567
i < (kiku) 6 47 3 2 24 3
K% (kuru) 34 124567 1234567 | 1234567 | 1234567 | 1234567
-t (kodomo) 5 12356 4 47 4 3

FREf (jikan) 26 6 1234567 6 24567 3
B4y (jibun) 4 1 4 1234567 | 1234567 | 1234567
% (deru) 2 347 6 234 5 4
% (toru) 12456 47 3 6 5 2
554 (bal) 1346 1 2 1 367 3
A% (haira) 4 1 5 6 3567 7

Al (mae) 4 13 1 56 67 6
.2 (miru) 1 1 13 1 3 2
> (motu) 1 26 3 3 234 1234567
L% (yaru) 1235 1234567 | 1234567 | 1234567 | 1234567 | 1234567
P < (yuku) 4 1234567 467 134567 1234567 24

lessof thecombination of the domains. For example, method (4) [5] Daung lil, Hal: Frustratingly Easy Domain Adaptatiod(CL-2007,

- ; r s (i pp. 256—263 (2007).

is better in \_Nord @_< (yUKu) ) and TH% (Jlbun) I ,and [6]  Harimoto, K., Miyao, Y., and Tsujii, J.: Kobunkaiseki no bunyatekiou

method (5) is better in word[ &< (kaku) | . T°% (yaru) ni okeru seido teika youin no bunseki oyobi bunyakan kyori no sokutei
[k ; syuhou (in Japanes&ie 16th Annual Meeting on Journal of Natural

and k% (kuru)] do not depend substantially F)n the methods, Limguage Processing, pp. 27-30 (2010).

and the other words do not depend on the certain method. Table47]  Kamishima, T.: Transfer Learning (In Japanese Japanese Soci-

also shows that theffiective methods depends on the domains. In ety for Artificia Intelligence, Vol. 25, No. 4, pp. 572-580 (2010).

. . . Komiya, K. and Okumura, M.: Automatic Determination of a Domain
other words, it is thought that thefective use of the topic mod- Adaptation Method for Word Sense Disambiguation using Decision
els in domain adaptation for WSD is determined from the target Tree Learning/JCNLP-2011, pp. 1107-1115 (2011).

[9] Komiya, K. and Okumura, M.: Automatic Domain Adaptation for
Word Sense Disambiguation Based on Comparison of Multiple Clas-
. sifiers,PACLIC-2012, pp. 75-85 (2012).
7. Conclusions [10] Komiya, K. and Okumura, M.: Automatic selection of domain adapta-
tion method for WSD using decision tree learning (In Japandse);
In this paper, we proposed an unsupervised method of domain nal of NLP, Vol. 19, No. 3, pp. 143-166 (2012).

: : : : : : [11] Li, L., Roth, B. and Sporleder, C.: Topic Models for Word Sense Dis-
adaptation for word .sense d|§amb|guat|on using topic models. ambiguation and Token-based Idiom Detectif/.-2010, pp. 1138—
Concretely, each topic model is constructed form the source do- 1147.
main corpus, the target domain corpus and the both domain cor{12] Maekawa, K.: Design of a Balanced Corpus of Contemporary

] ) Written JapaneseSymposium on Large-Scale Knowledge Resources
pus.The topic features are made by each topic model. Therefore. (LKR2007), pp. 55-58 (2007).
three topic features are available. Three topic features made fronf13] Mori, S.. Domain Adaptation in Natural Language Processing (in

. Japanese)The Japanese Society for Artificia Intelligence, Vol. 27,
each topic model are added to the normal features, and the ex- No. 4, pp. 365-372.

tended feature are used in learning for WSD. However, regarding[14] ~ Plank, B. and van Noord, G..fective measures of domain similarity
. . . . for parsing,ACL-2011, pp. 1566-1576 (2011).
the topic features made from the source domain, this topic fea- [15] Ponomareva, N. and Thelwall, M.: Which resource is best for cross-

tures have the weight because this topic features reduces the accu- ~ domain sentiment analysis/CLing-2012 (2012).

- . - . Lo [16] Remus, R.: Domain Adaptation Using Domain Similarity- and Do-
racy of BSD. T_h's weight is Ot_)ta_'ne_d fr-om the similarity between main Complexity-based Instance Selection for Cross-domain Senti-
the two domains, and the similarity is measured by Kullback- ment Analysis Proceedings of the 2012 IEEE 12th International Con-

. . . . ference on Data Mining Workshops (ICDMW 2012) Workshop on Sen-
Leibler divergence. In our experiments, we chose three domains, timent Elicitation from Natural Text for Information Retrieval and Ex-
and selected 17 ambiguous words that had a comparatively high traction (SENTIRE), pp. 717-723 (2012).

; ; ; [17]  Shinnou, H. and Sasaki, M.: Domain Adaptation for Word Sense Dis-
freguency of appearance 'n_ each domam'_ In every dontlaln- adap ambiguation using k-Nearest Neighbors Method and Topic Model (In
tation, we conducted experiments by varying the combination of Japanese), pp. NL-211 (2013).

; ; [18] Van Asch, V. and Daelemans, W.: Using domain similarity for per-
topic features, and _estlmated the average accuracy rgte of WSDt formance estimationProceedings of the 2010 Workshop on Domain
Eventually,the fectiveness of the proposed method is showed. Adaptation for Natural Language Processing, pp. 31-36 (2010).

In future, we will examine the moreffective use of the topic
models in the WSD task.

words and the domains.
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