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Abstract Semi-supervised methods for WSD are characterized in

Shortage of manually sense-tagged data is an ob-
stacle to supervised word sense disambiguation
(WSD) methods. In this paper we investigate a la-
bel propagation based semi-supervised learning al-
gorithm for WSD, which combines unlabeled data
with labeled data in learning process by represent-
ing labeled and unlabeled examples as vertices in
a weighted graph and iteratively propagating the
label information from any vertex to nearby ver-
tices until this process converges. This label prop-
agation process realizes a global consistency as-
sumption: similar examples should have similar la-
bels. Our experimental results on benchmark cor-
pora indicate that it consistently outperforms SVM
when only very few labeled examples are available,
and its performance is also better than monolingual
bootstrapping, and comparable to bilingual boot-
strapping.

Introduction

terms of exploiting unlabeled data in learning process. Boot-
strapping is a commonly used semi-supervised learning algo-
rithm for WSD. In each iteration step of bootstrapping, unla-
beled examples are classified using a model learned from la-
beled data. In other words, it is based on a local consistency
assumption: examples close to labeled examples within same
class will have same labels, which is also the assumption un-
derlying many supervised learning algorithms, such as KNN.

Recently a promising family of semi-supervised learning
algorithms are introduced, which can effectively combine un-
labeled data with labeled data in learning process by exploit-
ing manifold structure (cluster structure) in data (Belkin and
Niyogi, 2002; Blum and Chawla, 2001; Blum et al., 2004;
Joachims, 2003; Szummer and Jaakkola, 2001; Zhou et al.,
2003; Zhu and Ghahramani, 2002; Zhu et al., 2003). Such
methods perform classification based on a global consistency
assumption: similar examples should have similar labels. In
other words, the labels of unlabeled examples are determined
by considering not only the similarity between labeled and
unlabeled examples, but also the similarity between unla-
beled examples.

In this paper, we address the problem of word sense disamHere we investigate a label propagation based semi-
biguation (WSD), which is to assign an appropriate sergipervised learning algorithm (LP algorithm) (Zhu and

to an occurrence of a word in a given context.

Marfyhahramani, 2002) for WSD, which works by representing

methods have been proposed to deal with this problem (ldeeled and unlabeled examples as vertices in a connected
and Véronis, 1998), including supervised learning alg@raph, then propagating the label information from any ver-
rithms (Leacock et al., 1998; Towel and Voorheest, 1998x to nearby vertices through weighted edges, finally infer-
semi-supervised learning algorithms (Dagan and Itai, 199ig the labels of unlabeled examples after the propagation
Yarowsky, 1995), and unsupervised learning algorith@0Cess converges.

(Pedersen and Bruce, 1997; Gtie, 1998).

Compared with bootstrapping, LP algorithm is based on a

Supervised sense disambiguation has been very succgsbal consistency assumption. Intuitively, if there is at least
ful, but it requires a lot of manually sense-tagged data. Futipe labeled example in each cluster that consists of similar
unsupervised methods do not need the definition of sengeamples, then the unlabeled examples will have the same
and manually sense-tagged data, but the sense clusteringplsls as the labeled examples on the same cluster by propa-
sult can not be directly used in many NLP tasks since th@ating the label information of any example to nearby exam-
is no sense label for each instance in clusters. Consideffitgs according to their proximity.
both the availability of a large amount of unlabelled data andThis paper is organized as follows. Firstly we will formu-
direct usage of word senses, semi-supervised learning hasate-WSD problem in the context of semi-supervised learn-
ceived great attention recently. ing in section 2. Then in section 3 we will describe the LP



algorithm and discuss the difference between a supervi: (@ batasetwith Two-Moon Patiern (b) SvM

2 1 2
learning algorithm (SVM), bootstrapping algorithm and L 0o o | labeled 1 L.
algorithm in detail. Section 4 will give out the experimente 1} ° O, Ly labeled 1 it g7 s
results of LP algorithm on widely used benchmark corpot o o . . . o i v .
Section 5 will be devoted to a brief review of related work o o .
semi-supervised learning for WSD. Finally we will conclud-: % & -1 "5 4
our work and suggest possible improvement in section 6. ° 0 Ve

N Lo 0 1 2 3
2 PrObIem Setup . (c) Bootstrapping ) (d) Ideal Classification
Let X = {x;}!',, a set of contexts of occurrences of a oo 58 0o
ambiguous wordv, wherez; represents the context of the * g b Yoo "o
i-th occurrence, and is the total number of this word'’s oc- , Af Aug.ima o of = v 5 v
currences. LetS = {s;}5_;, which denotes the sense tar | ° Al\d: J ; v
set ofw. The firstl exampleszy(1 < g < I) are labeled ™ BYO\BWWWf = v, vvf
asy, (y, € S) and the remaining (I + v = n) examples _, o B "

0 1 2 3 -2 -1 0 1 2 3

zn(l+ 1 < h < n) are unlabeled. The goal is to predict the”
sense ofv in contextry, by the use of label information fromgjq, e 1: Classification result on two-moon pattern dataset.

x4 and the similarity among examples (a) two-moon pattern dataset with two labeled points, (b)

The manifold structure in dataséf can be represented;|assification result by SVM, (c) labeling procedure of boot-
as a connected graph, where each vertex corresponds tgtFpring algorithm, (d) ideal classification.
example, and the edge between any two examplesidz

is weighted so that the closer the vertices in some distance

measure, the larger the weight associated Wlth2 this edge. Th@ptimally we expect that the value B;; across different

. . a2
weights are defined as follows¥;; = exp(—-3) if i # classes is as small as possible and the valud/gfwithin
jandW; = 0 (1 < 4,5 < n), whered;; is the distance same class is as large as possible. This will make label prop-
(ex. Euclidean distance) betweenand:z;, ando is used to agation to stay within same class. In this paper, wersas

control the weightV;;. the average distance between labeled examples from differ-

ent classes.

3 Semi-Supervised Learning Method Definen x n probability transition matrixl;; = P(j —

3.1 Label Propagation Algorithm i) = Z"Wijwk whereT;; is the probability to jump from
k=1 °J

In label propagation algorithm (Zhu and Ghahramani, 2002xamplez; to exampler;.

the label information of any vertex in the graph is propagatedcompute the row-normalized matri€ by Ty =

to nearby vertices through weighted edges until a global sfa-/ s~ 7, = This normalization is to maintain the class
ble stage is achieved. Larger edge weights allow labelspi@bapility interpretation of .

travel through easier. Thus the closer the examples, mor

likely they have similar labels (the global consistency as-

sumption). 1. Initially set t=0, where is the iteration index;
In label propagation process, the label distribution of initial 2. Propagate the label By'*! = TY?;

labeled data is clamped in each iteration to replenish the Iabeé -

. Clamp the labeled data by replacing the tapw of
sources from these labeled data. Thus the labeled datayaéqll with }Eo Repeat from stepyz ur?ﬁTt C(?nverg;p
like sources to push out labels through unlabeled data. With L '

this push from labeled examples, the class boundaries will b Assignzp(l +1 < h < n) with a labely, =

pushed through edges with large weights and settle in géﬁgmaxjyhj-

along edges with low weights. If the data structure fits theThis algorithm has been shown to converge to a unique

classification goal, then LP algorithm can use these unlabesetution, which isY; = lim;_,, Vi = (I —Tu) ' TuY?

data to help learning classification plane. (Zhu and Ghahramani, 2002). We can see that this solution
Let YO € N™*¢ represent initial soft labels attached tean be obtained without iteration and the initializatior¥f

each vertex, wheré,f;?- = 1if y; is s; and0 otherwise. Let i§ not important, sincé/{} does not affect the estimation of

Y} be the top rows of Y? andY;} be the remaining rows. Y. I'isu x u identity matrix. T, andT,,; are acquired by

Y} is consistent with the labeling in labeled data, and tsplitting matrixT after thel-th row and the-th column into

initialization of ;% can be arbitrary. 4 sub-matrices.

Then LP algorithm is defined as follows:



(2) Minimum Spanning Tree (b) t=1 shows the bootstrapping procedure using kNN (k=1) as base

2 2 ———— | classifier with user-specified parameter= 1 (the number
1 c 1 o ° 00 0 of added examples from unlabeled data into classified data
0 0 . . . . .
for each class in each iteration). Each arrow in Figure 1(c)
o ® B oy = 0 0 Y | represents one iteration for each class. After eight iterations
" " 0, é@ of bootstrappingA; ~ Ag were tagged as 1, andB; ~ Bg
A 09 00 were tagged as 1, while Ag ~ Ao andBy ~ By were still
T o 1 2 3 . o 1 2 3 untagged. Then atthe ninth iteratioty was tagged as-1
(©t=7 (d) t=10 since the label oflg was determined only by tagged points in
2 AP 2 oo | kNN model: Ay is closer to any pointif Ay ~ As} than to
1} 40 o, 1} 40 o, any point in{ By ~ Bg}, regardless of the intrinsic structure
in data: Ag ~ Ajg and By ~ Bjg are closer to points in
o = 0 vy o = © . Y | lower moon than to points in the upper moon. In other words,
1 % -1 o ﬁ bootstrapping method uses the unlabeled data under a local
00 VY vy v consistency based strategy. This is the reason that two points
LT 0 1 2 3 T 0 1 2 3 AgandAyg are misclassified (shown in Figure 1(c)).
) . © t:%z . ) . (f)t:,loo . The class distribution is usually fixed during the iteration
00 g 00og procedure to avoid degenerate solutions, which is controlled
| "o i "o by b. But the class distribution can not be reliably estimated
ol u v 0 v ol u v o y | when only very few labeled examples are available. Another

parametery (the threshold of classification confidence) can
be used for avoiding misclassification. For example, only
) N ‘ 2 N | unlabeled points with Euclidian distance from labeled points
2 10123 2 10 1 2 3 Jess than the value of radius of the moon should be added

) . o into classified data. But this value of is usually difficult
Figure 2: Classification result of LP on two-moon pattey ,quire. If classification confidence is set too large (very

dataset. (a) minimum spanning tree Qf this _dataset. The CRY¥% value ofa), many points will be left in remaining unla-
Vergence process of LP algorithm wittvarying from1 to beled data after bootstrapping. It will limit the improvement
100 is shown from (b) to (f). of resulting classifier’s performance.

From above analysis we find that (1) Both SVM and boot-
3.2 Comparison between SVM, Bootstrapping and LP  strapping are based on a local consistency assumption. (2)

For WSD, SVM is one of the state of the art supervised learH2€ W0 parametersanda in bootstrapping are not easy to
ing algorithms (Mihalcea et al., 2004), while bootstrapping €Cify in practice.
one of the state of the art semi-supervised learning algorithm&or simplification of illustration, we ran LP algorithm on a
(Li and Li, 2004; Yarowsky, 1995). For comparing LP witlfonnected graph-minimum spanning tree generated for this
SVM and bootstrapping, let us consider a dataset with tw@ataset, shown in Figure 2(a)4, B, C represent three
moon pattern shown in Figure 1(a). The upper moon consig@ints, and edgel — B connects the two moons. Figure
of 9 points, while the lower moon consists of 13 points. The?éb)- 2(f) shows the convergence process of LP algorithm
is only one labeled point in each moon, and the remaining ®@@h ¢ increasing from to 100.
points are unlabeled. The distance measure is Euclidian dist’hent = 1, the label information of labeled data was
tance. We can see that points in one moon should be mgughed to only nearby points. After seven iteration steps(
similar to each other than the points across the moons.  7), point B in upper moon was misclassified ad since it
Figure 1(b) shows the classification result of SVM. Thiirstly received label information from poim through the
vertical line denotes the classification hyperplane, which hedge connecting two moons. But after another three itera-
the maximum separating margin with respect to the labelésh steps(t=10), this misclassified point was re-taggegdias
points in two classes. We can find that SVM does not woTtke reason is that with the push of label information from
well when labeled data can not reveal the structure (the mamarby points, the value dfz 1 was higher thays _;. In
pattern) in each class. The reason is that the classificationdtyrer words, the weight of edge — C'is larger than that of
perplane was learned only from labeled data. In other worddgeB — A, which makes the-1 label of pointC' to travel
the coherent structure (the two-moon pattern) in unlabekedpoint B easier. Finally, whern > 12 the LP algorithm
data was not explored when inferring class boundary. converged to a fixed point, which achieved the ideal classifi-
Let us consider the bootstrapping algorithm. Figure 1(cation result.
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4 Experiments and Results Table 1: Average accuracies over 20 trials and paired t-test

4.1 Experiment Design result of SVM and LP algorithm on Senseval-3 corpus with

For empirical comparison with SVM and bootstrapping, WRercentage of training set increasing from 1% to 100%.

evaluated LP algorithm on widely used benchmark corpora - [ Percentagd SVM | LPeosine | LPys |

1 . . . 1% 25.7% | 30.1% | 30.8%
interest”, “line” * and the data in English lexical sample task 10% | 545% | 55.9% | 56.5%
of Senseval-3 (including all 57 English words.) 25% 63.8% | 63.7% | 64.9%
; 50% 68.4% | 67.3% | 68.6%

We used three types of featL_Jres to_ capture con_textual _mfor 2504 05| e899% | 703%
mation: part-of-speech of neighboring words with position 100% | 71.6% | 70.0% | 71.8%
information, L_mordered single words in topical contex'F, and Percentagd SYMVS. LPrwn. | SYMVS.LPs
local collocations (the same as the feature set used in (Lee p-value | Sign. | p-value | Sign.
and Ng, 2002) except that we did not use syntactic relations). 1% 154e-006] < | 1.86e-007] <
For SVM, we did not perform feature selection since feature %gz//z g:ggg:ggz < g:égg:gég <
selection deteriorated its performance (Lee and Ng, 2002). 50% 3.25e-007| > | 1.39e-001| ~
For LP algorithm, we employed a simple feature selection 75% 1.32e-012| > | 4.71e-002| >

. 0, - - -

method on the three datasets: All the features with occur- 100%

rence frequency less than 3 times in dataset were removed

when converting contexts into feature vectors. . . . .
. . : . . the sampling. We conducted experiments with different val-
In this paper, we investigated two distance measures: CO- : .
sine similarity and Jensen-Shannon (JS) divergence (ueS oft, including1% x N, train, 10% X Nu train, 25% X
1,t7‘aina 50%XNw,traina 75%XNw,train’ 100%XNw,train

1991). Cosine similarity measures the angle between . : L
. . . wrain 1S the number of examples in training set of word
feature vectors, while JS divergence measures the distance .
O . w). SVM and LP were evaluated using accuracy on test set
between two probability distributions if each feature vecto
: . e of Senseval-3.
is considered as probability distribution over features. Wi ducted paired t-test on th G ; h
Let JS(p, q) represent JS divergence between probabili\t)/I c cgnpu_c ed tp;’:llr? tes ton esccuracy |%;r:)so(;reac
distributionp(f) andq(f) (f is a random variable), which is alue off. Faired t-lestwas hotrun when percen o o
. since there was only one paired accuracy figures. Paired t-test
defined as ; . . ;
is usually used to estimate the difference in means between
JS(p,q) = mpDx 1 (pl|p) + 7gDrr(q||D), (1) normal populations based on a set of random paired obser-
vations. {<, >}, {<, >}, and~ correspond to p-value
Dkr(pllp) = Zplogg (@ < 0.01, (0.01,0.05], and > 0.05 respectively. < (or >>)
f means that the performance of LP is significantly better (or
D (q|lp) = Z glog, 3) significantly worse) than SVMk (or >) means that the per-
7 p formance of LP is better (or worse) than SVM.means that
) the performance of LP is almost as same as SVM.
Table 1 reports the average accuracies and paired t-test

wherer, andm, are prior probabilities, ang,, 7, > 0,7, +  result of SVM and LP with different sizes of labled data.

T = 1. From Table 1, we see that with small labeled dataset (per-
4.2 Experiment 1: LP vs. SVM cc_a_ntage of labeled data 10%), LP algorithm performs sig-

. ) _ nificantly better than SVM. When the percentage of labeled
In this experiment, we evaluated LP algorithm and SVMuta increases fromb% to 100%, the performance of Pjg
algorithn? on the data of English lexical sample task iﬂlgorithm is still comparable to SVM.

Senseval-3. This dataset consists of fully labeled training

set and test set. We usexamples from training set as la4.3 Experiment 2: LP vs. Bootstrapping

beled data, and the remaining training examples and all the, . . . .
g g P }n Li and Li, 2004), they used “interest” and “line” corpora
test examples as unlabeled data. For each labeled set size ; . .
. . as test data. For the word “interest”, they used its four major
[, we performed 20 trials. In each trial, we randomly sam- . . .
nses. For comparison with their results, we took reduced

pled! labeled examples for each word from training set. ; y . .

|at rest” corpus (constructed by retaining four major senses)

any sense was absent from the sampled labeled set, we redi o : . ;
and complete “line” corpus as evaluation data. In (Li and Li,

Available at http://www.d.umn.edutpederse/data.html 2004), ¢ is the number of senses of ambiguous word, and

2 H . . . .
JAvailable at htp:/www.senseval.org/senseval3 _ b (b = 15) is the number of examples added into classified
A tool, SV M"9" is used to perform classification, which can be

downloaded at http://svmlight.joachims.org/. The kernel function we us@gt@ for each class in each iteration of bootstrapping. b

is linear. Other parameters in SVM are set as default. can be considered as the size of initial labeled data in their

D = mpp + Tqq,



Table 2: Accuracies from (Li and Li, 2004) and average a

H T [1H 3 . ' ' v ' ' ' . ' ' v '
curacies of LP withc x b labeled examples on “interest 05 + @ 05 vk
and “line” corpora. Major is a baseline method in whic A Q%A ot o
they always choose the most frequent sense. MB-D denc oogA Aa 0 o 0 +*¢+ frat 0 o
monolingual bootstrapping with decision list as base clas | = Oﬁ% o ok L1 Ty 0 0,®
fier, MB-B represents monolingual bootstrapping with el 8 K §
semble of Naive Bayes as base classifier, and BB is biling™ =4 <2 0 02 o0z 06 04 02 0 02 04 o
bootstrapping with ensemble of Naive Bayes asbasecla _ © G
fier. 05 +v % 05 C\+v ¥
Ambiguous | Accuracies from (Li and Li, 2004) « O on . A
words | Major | MB-D | MB-B | BB 0 L A @0‘
interest | 54.6% | 54.7% | 69.3% | 75.5% of 07g, X © 0 0o op O7go ©° 0 ¢
line 53.5% | 55.6% | 54.1% | 62.7% 5 9 gj o o 5 8@ gj o 0.
Ambiguous Our results % 2
words | #labeled example$ LPeosine | LPss 0 02 0 02 04 06 00 92 0 02 04 08
interest 4x15=60 80.2% | 79.8% ) )
line 6x15=90 60.3% | 59.4% 05 7 05 7
+ ¥ + B
N + .V
. . _ . o w8 foFm
bootstrapping algorithm. We ran LP algorithm with 20 trial of Vv %5+x<>+ 0 0 op * i;+x<>+ 0 o
on reduced “interest” corpus and complete “line” corpus. o 8 §> ¢ 0% o1 <2}0 0.
each trial, we randomly samplédabeled examples for eacr_05 \J 05 *
sense of “interest” or “line” as labeled data. The rest serv__-04 -02 0 02 04 06 T 04 502 0 02 04 06

as both unlabeled data and test data. Table 2 summarizes the
average accuracies of LP algorithm on the two corpora. Figure 3: Comparison of sense disambiguation results be-
Table 2 also lists the accuracies of monolingual bootstrdy€en SVM, bootstrapping and LP on word “use”. (a) dataset
ping algorithm (MB), bilingual bootstrapping algorithm (BBYVith only one labeled point for each sense of word “use”
on “interest” and “line” corpora. We can find that LP algo?efore sense disambiguationgnd A denote the unlabeled
rithm performs better than MB-D and MB-B on both sinter€xamples in training set and test set respectively, and other
est” and “line” corpora. five symbols ¢, x, O, ¢, and V) represent the labeled
BB extends MB by constructing classifiers in two larfXamples with respective sense tag sampled from training
guages, classifying unclassified data in two languages S8%)- (b) ground-truth result, (c) classification result on test
exchanging information regarding classified data between #& by SVM (accuracy ; = 21.4%), (d) classified data
two languages. From Table 2, we see that the performaﬁg@r bootstrapping, (e) classification result on both train-

o i 6 _
of LP is still comparable to BB although LP does not refer {89 Set and test set by INN (accuracy; = 42.9%), (f)
a second language monolingual corpus. classification result on both training set and test set by LP

(accuracy= 19 = 71.4%).
4.4 An Example: Word “use”

For mvestlgatlng the reason for LP to out;zerfo"rr_n SVM and From Figure 3 (c) we can see that SVM misclassified
bootstrapping, we used the data of word “use” in Senseval-

: . ny examples from class into classx, regardless of the
3 as an example (totally 26 examples in training set and . 2 Y P . 5 g
intrinsic structure in data.

examples in test set). For visualization, we conducted unsu-

pervised nonlinear dimensionality reductiam these 40 fea- b F(:rtcomparlsq{lr; \livﬁﬁogii;mtedsn adcilltlor_]fgl e>EIE>r<]ar|ment of
ture vectors witl210 dimensions. Figure 3 (a) shows the girootstrapping wi (k=1) as base classifier. The param-

mensionality reduced vectors in two-dimensional space. _grb is setas 1. The other paramateis ;et as the minimum
randomly sampled only one labeled example for each se ance between labeled examples wnh_dn‘ferent sense tags.
of word “use” as labeled data. The remaining data in trainiH- en only unlabeled examples with the distance from nearest

set and test set served as unlabeled data for bootstrappin ed example less thanwill be added into classified data

LP. All of these three algorithms are evaluated using accur%&f ach 'tef‘?‘“on- F'TS“V we ran bootstrapplr)g with 1NN as
on test set. se classifier on this dataset to augment initial labeled data.

- The resulting classified data is shown in Figure 3 (d). Then
“We use a tool/somap, to perform nonlinear dimensionality re-3 1NN model was learned on this classified data and we used

duction by computing two-dimensional, 39-nearest-neighbor—preserv'ﬁﬁ del t £ | ificati th . |

embedding of 210-dimensional input. This tool is available S model to periorm classincation on the remaining unia-

http://isomap.stanford.edul/. beled data. Figure 3 (e) reports the final classification result



by this 1NN model. We can see that bootstrapping does q‘%&le 3. Performance comparison betwekR,,.;,. and

perform well since it is susceptible to small noise in datasi h its of th del selecti o
For example, in Figure 3 (d), the unlabeled exanipfehap- Pys and the results of three model selection criteria are
' ’ reported in following two tables< (or >) means that the

pened to be closest to labeled examplethen 1NN tagged average value of fUNCtio (Qeosine) is lower (or higher)

exampleB with labelo. But the correct label of examplg than H(Q.s), and it will result in selecting cosine (or JS)

should bet as shown in Figure 3 (b). This error caused mis-_ . .
e as distance measur@..sine represents the matrix calculated

classification of other unlabeled examples that should have . ] .

label -+ using cosine similarityQ ;s represents the matrix calculated

In LP algorithm, the label information of example can Ezggn\]rse(sj:ﬁsr?ee;ceaétsg? Xﬁﬁ;?;i;ﬁg?;;a:: W:ce)g?cﬁ;en_
travel to B through unlabeled data. Then examplewill P Y. yp

: is acceptable.
compete withC' and other unlabeled examples arouRd P

ini LP.osine VS. LP,

when determining the label d8. In other words, the label Data p-value | Signifii]:;nce
of unlabeled examples are determined not only by nearby la- Senseval-3 (1%) | 4.21e-004 <
beled examples, but also by nearby unlabeled examples. Us- Senseval-3 (10%)| 4.02e-005 <
. . e - . Senseval-3 (25%)| 5.93e-010 <
ing this classification strategy achieves better performance Senseval-3 (50%)| 8.87e-010 <
than the local consistency based strategy adopted by SVM Senseval-3 (75%)| 1.98e-012 <

i Senseval-3 (100% - -
and bootstrapping. interest 3.25e-002 >
4.5 Experiment 3: LPsysine VS. LPjg line 8.09¢-002 =

. . H(D H(W H(Yy

Table 3 summarizes the performance comparison between Data Cos,(vs)_ IS cos,(vs_)Js cos,(vLs]_)JS
LP,sine and LP;g on three datasets. We can see that on [ Senseval-3 (1%) | > (/) > ) <(X)
Senseval-3 corpud, P;g performs significantly better than Senseval-3 (10%) < (x) > (V) <(x)

. . - Senseval-3 (25%)| < (x) > (V) < (x)
L Peosine, but their performance is almost comparable on “in- | genseval-3 (50%)| > (1) > (W) > ()
terest” and “line” corpora. This observation motivates us to | Senseval-3 (75%)| > (v/) > (v/) > (v/)
automatically select a distance measure which will boost the Sensfr:’tz'r‘ss(tloo% = ((\O/)) >>((§)) = ((\O/))
performance of LP algorithm on a given dataset. line > (0) > (0) > (0)

Cross-validation on labeled data is a widely accepted
model selection method for supervised learning. But for the
setting of semi-supervised learning v), the labeled data 2000):
is usually not enough for reliable model selection. In (Szum- Sij =exp(—a*Qi;), (5)
mer and Jaakkola, 2001; Zhu and Ghahramani, 2002; Zhu v~
et al., 2003), they suggested a label entropy criteHdn,) HQ) = — Z Z (Sijlog Sij + (1 —Si,)log(1—8is)), (6)
for model selection, wher¥ is the label matrix learned by Pr—
their semi-supervised algorithms. The intuition behind thejr

. . . Wwhere o is positive constant. The possible value wfis
method is that good parameters should result in confident 1a;, 5 @ 1S Pos 1 P
72, Wherel = 57537, . Qi ;. S is introduced for nor-

. . - - I
beling. Entropy on maFrnW (H(W))is a cpmmonly used malization of matrixQ). For Senseval-3 data, we calculated
measure for unsupervised feature selection (Dash and Liu

Y Nw,test

2000). Another possible criterion is to measure the entroaln overéll average score &(Q) by Z“{ 2w N%testH(Qw)-

of ¢ x c inter-class distance matri® calculated on labeledVw,test IS the number of examples in test set of ward

data, denoted af (D). D; ; represents the average distandd (D), #(W) and H(Yy) can be obtained by replacing

between the-th class and thg-th class. In this paper, we in-With D, W andYy respectively. o

vestigated these three critei&( D), H(W) and H (Yy,) for Table 3 reports the automatic prediction results of these

model selection. The distance measure can be automaticgif§e criteria. _ _ '

selected by minimizing the average value of functiéaD), ~ From Table 3, we can find that usitg(1V) can consis-

H (W) or H(Yy) over 20 trials. tently select the optimal distance measure when the perfor-
LetQ be theM x N matrix. FunctionH (Q) can measure Mance gap betweeh Fe,sine and LPys is very large (de-

the entropy of matrixQ, which is defined as (Dash and Liunoted by< or >). But H(D) and H(Yy) fail to find the

SECTT— onal e el | optimal distance measure when only very few labeled exam-

n the two-dimensional space, exam S not the closest example H
to A. The reason is that: (1} is not close to most of nearby example?IeS are available (percentage Of_labeled date%). .
aroundB, andB is also not close to most of nearby examples aradnd ~ H (1¥') measures the separability of matik. Higher

(2) we usel somap to maximally preserve the neight_)orhood informatioxyame ofH(W) means that the distance measure decreases
between any example and all other examples, which caused the losg of

neighborhood information between a few examples for obtaining a glob® separability _Of exe_lmples in full da_taset' The_n the_ bound-
ally optimal solution. ary among manifolds is obscured, which makes it difficult for




LP algorithm to locate this boundary. Thus higher value sénse mapping relationship between words in two languages.

H (W) results in worse performance of LP algorithm. (3) Automatically augmenting sense-tagged data to over-
When labeled dataset is small, the distances betweeme the bottleneck of acquisition of manually sense-tagged

classes can not be reliably estimated, which results in unrdita:

able indication of the separability of examples in full dataset.In (Hearst, 1991), bootstrapping was applied to augment

This is the reason thd{ (D) performs poorly on Senseval-3nanually sense-tagged data by iteratively training a base

corpus when the percentage of labeled data is less2ifan classifier on classified data, using the resulting classifier to
For H(Yy ), small labeled dataset can not reveal the strudassify unlabeled data, and adding the most confidently

ture in data, which may bias the estimationYpf. Then the tagged examples into classified data.

confidence of labelind? (Y;;) can not properly indicate the Yarowsky (1995) improved this bootstrapping method in

performance of LP. This may interpret the poor performant@o aspects: (a) they used automatically generated seed ex-

of H(Yy) on Senseval-3 when percentagd 0%. amples as initial labeled data; (b) they exploited a redundant
view (one sense per discourse property) to improve the per-
5 Related Work formance of bootstrapping.

In fact, semi-supervised learning approaches for WSDThere are other efforts for improving base _classifier _in
roughly fall into three categories according to what is us@g0tstrapping: Park et al. (2000) used committee learning
for supervision in learning process. algorithm as base classifier, while in (Mihalcea, 2004), ma-
(1) Using external resources, e.g., thesaurus or lexicond 9t fy voting was employed as c.Iassmcanon method. _
disambiguate word senses or automatically generate sensg°Me of the algorithms mentioned above may cross differ-
tagged corpus: ent categories. For example, the work in (Diab and Resnik,

In (Yarowsky, 1992), they automatically generated nOaQOZ) also falls into the first category since WordNet was

perfect sense-tagged corpus by tagging each target word \Hﬁﬁd for sense disambiguation, and the algorithm presented

the semantic categories in Roget's thesaurus in (Liand Li, 2004) is an extension of monolingual bootstrap-

McCarthy et al. (2004) proposed a method to find predofi'd technique.

inant senses of ambiguous words by the use of automatically? contrast with the approaches in the first and second cat-
acquired thesaurus and WordNet. egory, our corpus based method does not need external re-

In (Seo et al., 2004) they used an unsupervised statistR@yrces. including WordNet, bilingual lexicon, aligned par-

model to determine preferred sense among WordNet reIati%lgIDcorpohraél incli machlne;] trar?scljatlon tool. O#r rII‘F; basgd
of an ambiguous word in a given context of an occurrence method belongs to the third category, which benefits

the ambiguous word. from initial labeled dataset and raw unannotated monolin-

(2) Exploiting the differences between mapping of Worc%“Ial corpora that can pe cheap_ly acquired. 'T‘ contras_,t .With
to senses in different languages by the use of bilingual ¢ e popular bootstrapping technique, LP algorithm exhibits a

pora (e.g. parallel corpora or untagged monolingual corp(g goretical advantage, that it performs classification based on
in two languages): a global consistency assumption.

B_rown et_al. (1991) proposed afl?p-flop algori_thm to aut%- Conclusions and Euture Work
matically align parallel corpora, which resulted in sense dis-
ambiguation components. In this paper we have investigated a label propagation based
In (Dagan and Itai, 1994), their algorithm disambiguateg@mi-supervised learning algorithm for word sense disam-
senses of an ambiguous word by translating the sensesigfiation, which is based on a global consistency assump-
the ambiguous word into difference words in target languagen: similar examples should have similar labels. In other
and selecting the preferred word (or sense) using a statistigatds, the labels of unlabeled examples are determined not
model and lexical constraint. only by nearby labeled examples, but also by nearby un-
Diab and Resnik (2002) used WordNet to disambiguatéadeled examples. Our analysis and experimental results
group of similar translations in target language that corrdemonstrate the potential of this manifold learning based
spond to the same word in source language, then projeciggbrithm. It achieves better performance than supervised
the sense tag between the two languages to generate patebehing method (SVM) when only very few labeled exam-
sense-tagged corpora. ples are available, and its performance on monolingual cor-
In (Ng et al., 2003), they exploited manually word-alignegora is also better than monolingual bootstrapping and com-
parallel corpora to generate sense-tagged training datagarable to bilingual bootstrapping. Finally we suggest an en-
WSD. tropy based method to automatically identify a distance mea-
Li and Li (2004) proposed a bilingual bootstrapping algsure that can boost the performance of LP algorithm on a
rithm, which benefited from the asymmetric many-to-marven dataset.



LP algorithm has intimate connections with random walk, H. & Li, C.. 2004. Word Translation Disambiguation Using Bilingual
(Szummer and Jaakkola, 2001), spectral clustering (Shi an§°otstrappingComputational Linguistics30(1), 1-22.

Malik, 2000) and graph mincut (Blum and Chawla, 200Lin, 3. 1991. Divergence Measures Based on the Shannon EntEpg.
Blum et al., 2004; Joachims, 2003). In the future we may Transactions on Information Theqr§7:1, 145-150.

ext[end the evaluation of LP algorithm and related algor'thrﬂ%Canhy, D., Koeling, R., Weeds, J., & Carroll, J.. 2004. Finding Pre-
using more datasets for WSD. dominant Word Senses in Untagged TeX®roceedings of the 42nd

rently, we employ a very simple feature selection method. Nfhalcea R.. 2004. Co-training and Self-training for Word Sense Disam-
the future, we would like to investigate the entropy based Cri__biguation.Proceedings of the Conference on Natural Language Learn-

terion H (W) or other unsupervised model selection method"%

(Lange et al., 2002) for parameter learning, including featuhalcea R., Chklovski, T., & Kilgariff, A.. 2004. The Senseval-3 English
selection and weight matrix learning Lexical Sample TaskProceedings of the 3rd International Workshop
' on the Evaluation of Systems for the Semantic Analysis of Text

Ng, H.T., Wang, B., & Chan, Y.S.. 2003. Exploiting Parallel Texts for
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