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Abstract senses, semi-supervised learning methods have re-
ceived great attention recently.

Semi-supervised methods for WSD are character-
ized in terms of exploiting unlabeled data in learning
procedure with the requirement of predefined sense
inventory for target words. They roughly fall into
three categories according to what is used for su-
pervision in learning process: (1) using external re-
sources, e.g., thesaurus or lexicons, to disambiguate
word senses or automatically generate sense-tagged
corpus, (Lesk, 1986; Lin, 1997; McCarthy et al.,
2004; Seo et al., 2004; Yarowsky, 1992), (2) exploit-
ing the differences between mapping of words to
senses in different languages by the use of bilingual
corpora (e.g. parallel corpora or untagged monolin-
gual corpora in two languages) (Brown et al., 1991,
Dagan and Itai, 1994; Diab and Resnik, 2002; Li and
Li, 2004; Ng et al., 2003), (3) bootstrapping sense-
tagged seed examples to overcome the bottleneck of
1 Introduction acquisition of large sense-tagged data (Hearst, 1991;

In this paper, we address the problem of word sen rov and Edelman, 1998; Mihalcea, 2004; Park et
al., 2000; Yarowsky, 1995).

disambiguation (WSD), which is to assign an appro-
priate sense to an occurrence of a word in a given AS & commonly used semi-supervised learning
context. Many methods have been proposed to de@ethod for WSD, bootstrapping algorithm works
with this problem, including supervised learning alPy iteratively classifying unlabeled examples and
gorithms (Leacock et al., 1998), semi—superviseﬁdding confidently classified examples into labeled
learning algorithms (Yarowsky, 1995), and unsupe,dataset using a model learned from augmented la-
vised learning algorithms (Sélze, 1998). beled dataset in previous iteration. It can be found
Supervised sense disambiguation has been vefiat the affinity information among unlabeled ex-
successful, but it requires a lot of manually sensédmples is not fully explored in this bootstrapping
tagged data and can not utilize raw unannotated da@socess. Bootstrapping is based on a local consis-
that can be cheaply acquired. Fully unsupervise@ncy assumption: examples close to labeled exam-
methods do not need the definition of senses arfdes within same class will have same labels, which
manually sense-tagged data, but their sense clusti-2Iso the assumption underlying many supervised
ing results can not be directly used in many NLPearning algorithms, such as kNN.
tasks since there is no sense tag for each instance irRecently a promising family of semi-supervised
clusters. Considering both the availability of a largéearning algorithms are introduced, which can ef-
amount of unlabelled data and direct use of worfectively combine unlabeled data with labeled data

Shortage of manually sense-tagged data is
an obstacle to supervised word sense dis-
ambiguation methods. In this paper we in-
vestigate a label propagation based semi-
supervised learning algorithm for WSD,
which combines labeled and unlabeled
data in learning process to fully realize
a global consistency assumption: simi-
lar examples should have similar labels.
Our experimental results on benchmark
corpora indicate that it consistently out-
performs SVM when only very few la-
beled examples are available, and its per-
formance is also better than monolingual
bootstrapping, and comparable to bilin-
gual bootstrapping.



in learning process by exploiting cluster structurén some distance measure, the larger the weight as-
in data (Belkin and Niyogi, 2002; Blum et al., sociated with this edge.2 The weights are defined as
2004; Chapelle et al., 1991; Szummer and Jaakkolgyjows: Wi = el,p(_%) if i £ jandWi; = 0
2001; Zhu and Ghahramani, 2002; Zhu et al., 2003%1 < i,j < n), whered,; is the distance (ex. Euclid-
Here we investigate a label propagation based semia gistance) between and z;, ando is used to
supervised learning algorithm (LP algorithm) (Zhusgntrol the weightv;;.

and Ghahramani, 2002) for WSD, which works by

representing labeled and unlabeled examples as ver- Semi-supervised Learning Method

tices in a connected graph, then iteratively propagat-

ing label information from any vertex to nearby ver-3.1 Label Propagation Algorithm

tices through weighted edges, finally inferring thg,, | p algorithm (Zhu and Ghahramani, 2002), label
labels of unlabeled examples after this propagatiof¢yrmation of any vertex in a graph is propagated
process converges. to nearby vertices through weighted edges until a
Compared with bootstrapping, LP algorithm isg|opa) stable stage is achieved. Larger edge weights
based on a global consistency assumption. Intygiow |abels to travel through easier. Thus the closer
itively, if there is at least one labeled example in eacfje examples, more likely they have similar labels
cluster that consists of similar examples, then unlahhe global consistency assumption).
beled examples will have the same labels as labeled|, |apel propagation process, the soft label of each
examples in the same cluster by propagating the Igsijia| japeled example is clamped in each iteration
bel information of any example to nearby exampleg, replenish label sources from these labeled data.
according to their proximity. Thus the labeled data act like sources to push out la-
This paper is organized as follows. First, we willyg|s through unlabeled data. With this push from la-
formulate WSD problem in the context of semi-pejed examples, the class boundaries will be pushed
supervised learning in section 2. Then in sectioghrough edges with large weights and settle in gaps
3 we will describe LP algorithm and discuss theyong edges with small weights. If the data structure
difference between a supervised learning algorithiks the classification goal, then LP algorithm can use

(SVM), bootstrapping algorithm and LP algorithm.these unlabeled data to help learning classification
Section 4 will provide experimental results of LP al-pjane,

gorithm on widely used benchmark corpora. Finally | ot y0 < pmxe represent initial soft labels at-
we will conclude our work and suggest possible iMzached to vertices wherg? = 1 if y; is s; and0
’ J

provement in section 5. otherwise. Letr? be the topl rows of Y and Y}
be the remaining: rows. Y} is consistent with the
2 Problem Setup labeling in labeled data, and the initializationj

can be arbitrary.

Let X = {z;} , be a set of contexts of occur- .
{zainy Optimally we expect that the value &f;; across

rences of an ambiguous word, wherez; repre- i tol . I iol dth |
sents the context of théth occurrence, ang is liferent classes 1S as small as possibie and the value

the total number of this word’s occurrences. LegL_Wij,”W'tth |Se|‘om|e class '?_ ast Iar?e a:?thpossmle.
S = {s;}j_, denote the sense tag setafThe first IS Wil make fabel propagation fo stay within same

I examplesz,(1 < g < 1) are labeled ag, (y, € S) class._ In later experiments, we setas the aver-

and other: (I +u — n) examplesen(I+1 < h < n) age distance between labeled examples from differ-

are unlabeled. The goal is to predict the sense of ent clgsses. N . )

in contextz), by the use of label information of, Definen x ”VF;r_?bab"'ty transition matrixs; =

and similarity information among examplesin (= 1) = ST whereT;; is the probability
The cluster structure iiX can be represented as ato jump from exémple:j to examplex;.

connected graph, where each vertex corresponds toCompute the row-normalized matrix by T;; =

an example, and the edge between any two examplés/ >";'_, T;,. This normalization is to maintain

x; andx; is weighted so that the closer the verticeshe class probability interpretation ®f.
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Figure 1: Classification result on two-moon pattern dataset 1} ,° 5, it o 5,
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Then LP algorithm is defined as follows: .
d Figure 2: Classification result of LP on two-moon pattern

1. Initially set t=0, wherg is iteralion index; dataset. (a) Minimum spanning tree of this dataset. The conver-
2. Propagate the label byt‘H =TY" gence process of LP algorithm withvarying from1 to 100 is

3. Clamp labeled data by replacing the fopw shown from (b) to ().
of Y+ with Y. Repeat from step 2 unti* con-

Verges; labeled. The distance metric is Euclidian distance.
4. Assignz,(l +1 < h < n) with a labels;, We can see that the points in one moon should be

wherej = argmax;Yp;. more similar to each other than the points across the
This algorithm has been shown to converge ttnoons.

a unique solution, which i§fU = limyoo Y = Figure 1(b) shows the classification result of

(I — Ty) 'TyY? (Zhu and Ghahramani, 2002). SVM. Vertical line denotes classification hyper-
We can see that this solution can be obtained wittplane, which has the maximum separating margin
out iteration and the initialization of} is not im-  with respect to the labeled points in two classes. We
portant, sincet}) does not affect the estimation of can see that SVM does not work well when labeled
Yy. I is u x u identity matrix. T\, andT,; are data can not reveal the structure (two moon pattern)
acquired by splitting matri¥” after thel-th row and in each class. The reason is that the classification
thel-th column into 4 sub-matrices. hyperplane was learned only from labeled data. In

other words, the coherent structure (two-moon pat-
3.2 Comparison between SVM, Bootstrapping  tern) in unlabeled data was not explored when infer-

and LP ring class boundary.

For WSD, SVM is one of the state of the art super- Figure 1(c) shows bootstrapping procedure using
vised learning algorithms (Mihalcea et al., 2004)kNN (k=1) as base classifier with user-specified pa-
while bootstrapping is one of the state of the antameterb = 1 (the number of added examples from
semi-supervised learning algorithms (Li and Liunlabeled data into classified data for each class in
2004; Yarowsky, 1995). For comparing LP witheach iteration). Termination condition is that the dis-
SVM and bootstrapping, let us consider a datasétnce between labeled and unlabeled points is more
with two-moon pattern shown in Figure 1(a). Thethan inter-class distance (the distance betwdgn
upper moon consists of 9 points, while the loweand By). Each arrow in Figure 1(c) represents
moon consists of 13 points. There is only one laene classification operation in each iteration for each
beled pointin each moon, and other 20 points are uctass. After eight iterationsd; ~ Ag were tagged



as+1, and By ~ Bs were tagged as-1, while We used three types of features to capture con-
Ag ~ Ajp andBy ~ Bjo were still untagged. Then textual information: part-of-speech of neighboring
at the ninth iteration4g was tagged as1 since the words with position information, unordered single
label of A9 was determined only by labeled points inwords in topical context, and local collocations (as
kNN model: Ay is closer to any pointig Ap ~ As} same as the feature set used in (Lee and Ng, 2002)
than to any point in{ By ~ Bg}, regardless of the except that we did not use syntactic relations). For
intrinsic structure in datadg ~ A1p andBgy ~ By SVM, we did not perform feature selection since
are closer to points in lower moon than to points ifeature selection deteriorates its performance (Lee
upper moon. In other words, bootstrapping methodnd Ng, 2002). For LP, we employed a simple fea-
uses the unlabeled data under a local consistenttyre selection method on the three datasets: All the
based strategy. This is the reason that two pailgts features with occurrence frequency less than 3 times
and A, are misclassified (shown in Figure 1(c)). in dataset were removed when converting contexts
From above analysis we see that both SVM antito feature vectors.
bootstrapping are based on a local consistency as-We investigated two distance measures for LP: co-
sumption. sine similarity and Jensen-Shannon (JS) divergence
Next we ran LP on a connected graph-minimunﬁLin, 1991). Cosine similarity measures the angle
spanning tree generated for this dataset, shown Retween two feature vectors, while JS divergence
Figure 2(a). A, B, C represent three points, andmeasures the distance between two probability dis-
the edged — B connects the two moons. Figuretributions if each feature vector is considered as
2(b)- 2(f) shows the convergence process of LP witRrobability distribution over features.
t increasing froml to 100. Whent = 1, label in- For the three datasets, we constructed connected
formation of labeled data was pushed to only nearbgraphs following (Zhu et al., 2003): two instances
points. After seven iteration steps#£ 7), point B u,v Will be connected by an edge:fis amongv’s
in upper moon was misclassified ag since it first k nearest neighbors, or if is amongu’s k near-
received label information from point through the est neighbors as measured by cosine or JS distance
edge connecting two moons. After another three itneasure. For “interest” and “line” corpora, k is 10
eration steps (t=10), this misclassified point was refollowing (Zhu et al., 2003)), while for Senseval-3
tagged as+-1. The reason of this self-correcting be-data, k is 5 since the size of dataset for each word in
havior is that with the push of label information fromSenseval-3 is much less than that of “interest” and
nearby points, the value dfp 1 became higher “line” datasets.
thanYp 1. In other words, the weight of edge )
B — C is larger than that of edg® — A, which 42 Experment1:LPvs. SVM
makes it easier fos-1 label of pointC to travel to In this experiment, we evaluated LP and S\*Mn
point B. Finally, whent > 12 LP converged to a the data of English lexical sample task in Senseval-
fixed point, which achieved the ideal classificatior8. We used examples from training set as labeled

result. data, and the remaining training examples and all
the test examples as unlabeled data. For each la-

4 Experiments and Results beled set sizd, we performed 20 trials. In each
trial, we randomly sampled labeled examples for

4.1 Experiment Design each word from training set. If any sense was absent

ping, we evaluated LP on widely used benchmarkVe conducted experiments with different values of
corpora - “interest”, “line”* and the data in English {» INCIUding1% x Nu train, 10% X Nu train, 257 %

lexical sample task of Senseval-3 (including all 57Vw,train, 507X Nuw train, 75% X N train, 100%x

English words }. A tool, SV M'9" s used to perform classification, which

_ can be downloaded at http://svmlight.joachims.org/. The ker-
'Available at http:/www.d.umn.edustpederse/data.html  nel function we used is linear, and other parameters are set as
2pvailable at http://www.senseval.org/senseval3 default.



Table 1: The upper two tables summarize accuracies (aveifable 2: Accuracies from (Li and Li, 2004) and average ac-
aged over 20 trials) and paired t-test results of SVM and LRuracies of LP withc x b labeled examples on “interest” and
on Senseval-3 corpus with percentage of training set increasifigne” corpora. Major is a baseline method in which they al-
from 1% to 100%. The lower table lists the official result ofways choose the most frequent sense. MB-D denotes monolin-
baseline (using most frequent sense heuristics) and top 3 syg4al bootstrapping with decision list as base classifier, MB-B
tems in ELS task of Senseval-3. represents monolingual bootstrapping with ensemble of Naive

[ Percentagd SVYM [ LPeosine | LPjs | Bayes as base classifier, and BB is bilingual bootstrapping with
1% 24.952.7% | 27.551.1% | 28.1-1.1% ensemble of Naive Bayes as base classifier.
10% 53.4+1.1% | 54.4+1.2% | 54.9+1.1% Ambiguous | Accuracies from (Li and Li, 2004)
25% | 62.3:0.7% | 62.3:0.7% | 63.3:0.9% words | Major | MB-D | MB-B | BB
50% 66.6+0.5% | 65.740.5% | 66.9+0.6% interest | 54.6% | 54.7% | 69.3% | 75.5%
75% 68.70.4% | 67.3+0.4% | 68.7+0.3% line 53.5% | 55.6% | 54.1% | 62.7%
100% 69.7% 68.4% 70.3% =
Ambiguous Our results
Percentage SVMVS. LPcosine | SVMVS. LP;s words | #labeled example$ LPeosine | LPys
p-value | Sign. | p-value | Sign. interest Ax15=60 | 80.202.0% | 79.8:2.0%
1% 8.7e-004| < 8.5e-005| < line 6x15=90 60.3+4.5% | 59.4+3.9%
10% 1.9e-006 < 1.0e-008| <«
25% 9.2e-001 ~ 3.0e-006| <
50% 1.9e-006 > 6.2e-002| ~
75% 7.4e-013| > | 7.1e-001| ~ than SVM.
100% - - - -
[ Systems]| Baseline] htsa3 | IRST-Kernels]| nusels| 4.3 Experiment 2: LP vs. Bootstrapping
[ Accuracy | 55.2% [ 72.9% | 72.6% [ 72.4%]

Li and Li (2004) used “interest” and “line” corpora
as test data. For the word “interest”, they used its

Nutrain (Nwtrain is the number of examples in four major senses. For comparison with their re-
training set of wordw). SVM and LP were evalu- Sults, we took reduced “interest” corpus (constructed

ated using accuracy (fine-grained score) on test g8 retaining four major senses) and complete *line”
of Senseval-3. corpus as evaluation data. In their algorithenis
We conducted paired t-test on the accuracy figh® number of senses of ambiguous word, and

ures for each value df Paired t-test is not run when (¢ = 15) is the number of examples added into clas-
percentage 100%, since there is only one paireds'f'ed data for each class in each iteration of boot-
accuracy figure. Paired t-test is usually used to esff{r@PPing. ¢ x b can be considered as the size of
mate the difference in means between normal po@t'al labeled data in their bootstrapping algorithm.
ulations based on a set of random paired observi/e ran LP with 20 trials on reduced “interest” cor-
tions. {<, >}, {<, >}, and~ correspond to p- PUS and complete “line” corpus. In each trial, we

value< 0.01, (0.01,0.05], and> 0.05 respectively. randomly sampledlabeled examples for each sense
< (or ) means that the performance of LP is sig-Of “interest” or “line” as labeled data. The rest
nificantly better (or significantly worse) than SvM. Served as both unlabeled data and test data.
< (or >) means that the performance of LP is better Table 2 summarizes the average accuracies of LP
(or worse) than SVM~ means that the performance©n the two corpora. It also lists the accuracies of
of LP is almost as same as SVM. monolingual bootstrapping algorithm (MB), bilin-
Table 1 reports the average accuracies and pair@gal bootstrapping algorithm (BB) on “interest” and
t-test results of SVM and LP with different sizes of IN€” corpora. We can see that LP performs much
labled data. It also lists the official results of baselin@etter than MB-D and MB-B on both “interest” and
method and top 3 systems in ELS task of Senseval-3in€” corpora, while the performance of LP is com-
From Table 1, we see that with small labeledP@rable to BB on these two corpora.
dataset (percentage of labeled data0%), LP per- .
forms significantly better than SVM. When the per—4'4 An Example: Word *use
centage of labeled data increases frgti to 75%, For investigating the reason for LP to outperform
the performance of. Py and SVM become almost SVM and monolingual bootstrapping, we used the
same, whileL P, .. performs significantly worse data of word “use” in English lexical sample task




(a) Initial Setting (b) Ground-truth on test set.

o[ 7o o[ Ty ‘ From Figure 3 (c) we can see that SVM misclas-
> P e sified many examples from clagsinto classx, re-
of 00g, b el . |+, * 0 0 gardless of the intrinsic structure in data.
5 5 w& o oM i Ha 0 0, For comparison, we implemented monolingual
D K § bootstrapping with kNN (k=1) as base classifier.
BT 2 0 02 e s s 02 o 02 o4 05 The parameteb is set as 1. Only unlabeled ex-
_ Gswm _ (0)Booistapping amples nearest to labeled examples and with the
05 D9 05 “Jy . distance less thad;,ie;—cass (the minimum dis-
x @ "y * g éxo‘ tance between labeled examples with different sense
of 9%, 07y, of °°go 20°%" . | tags)will be added into classified data in each itera-
s 27 p e 0, s 8% b ¢,%1 tion till no such unlabeled examples can be found.
Y Y Firstly we ran this monolingual bootstrapping on
T4 02 0 02 04 08 S04 02 0 02 84 06 this dataset to augment initial labeled data. The re-
0 ‘ (e)v89°‘51ra9p'”g ‘ N U sulting classified data is shown in Figure 3 (d). Then
g ¥ ° + R a 1NN model was learned on this classified data and
0 g”&o . o we used this model to perform classification on the
o %+x0*<> 0 0 o * }wxo“ 0 A remaining unlabeled data. Figure 3 (e) reports the
0 § §> 0 0% it §0 © %% final classification result by this INN model. We can
- 0 - i see that bootstrapping does not perform well since it

0.5 0.5
040200z 0408 040z 0002 0408 g gysceptible to small noise in dataset. For example,

Figure 3: Comparison of sense disambiguation results be Figure 3 (d), the unlabeled exampbr’ happened
tween SVM, monolingual bootstrapping and LP on word “use”t0 be closest to labeled examplethen 1NN model
(a) only one labeled example for each sense of word “use” %gged exampl@ with labels. But the correct label

training data before sense disambiguatiorad> denote the . . .
unlabeled examples in Senseval-3 training set and test set & B should be+ as shown in Figure 3 (b). This

spectively, and other five symbolg-( x, A, ¢, andV) rep-  error caused misclassification of other unlabeled ex-
resent the labeled e_xamples with different sense tags samplgghmes that should have label

from Senseval-3 training set.), (b) ground-truth result, (c) clas- . .

sification result on Senseval-3 test set by SVM (accuracy N LP, the label information of examplé’ can

%%_ :t_21-4%)‘ |§d) Clselssified Idgtta after bO?tstrgr;pintg, (tez) clf;travel toB through unlabeled data. Then examgle
elcation esulon Senseval 3 raring st and test s 1Ml compete withC and other unlabeled examples
3 training set and test set by LP (accurac§® = 71.4% ). aroundB when determining the label @. In other
words, the labels of unlabeled examples are deter-
mined not only by nearby labeled examples, but also
of Senseval-3 as an example (totally 26 examples 5y nearby unlabeled examples. Using this classifi-
training set and 14 examples in test set). For daiation strategy achieves better performance than the
visualization, we conducted unsupervised nonlineagcal consistency based strategy adopted by SVM
dimensionality reductighon these 40 feature vec- and bootstrapping.
tors with 210 dimensions. Figure 3 (a) shows the

dimensionality reduced vectors in two-dimensiona#.5 Experiment 3: LP.qsine VS. LPjg

space. We randomly sampled only one labeled &xpie 3 summarizes the performance comparison

ample for each sense of word “use” as labeled datﬁetweenL Peosine and LP;g on three datasets. We
The remaining data in training set and test set served

as unlabeled data for bootstrapping and LP. All of 5In the two-dimensional space, examjlds not the closest

. . mple toA. The reason is that: (1) is not close to most
these three algorithms are evaluated using accurag?f(jr‘learby examples arounfl, and B is not close to most of

- nearby examples aroundt (2) we used somap to maximally

“We use a tool,7somap, to perform nonlinear dimen- preserve the neighborhood information between any example
sionality reduction by computing two-dimensional, 39-nearestand all other examples, which caused the loss of neighborhood
neighbor-preserving embedding of 210-dimensional input. Thigformation between a few example pairs for obtaining a glob-
tool is available at http://fisomap.stanford.edu/. ally optimal solution.



Table 3: Performance comparison betwe&rP. .. and distance between theth class and thg-th class.

LP,s and the results of three model selection criteria are re/Ve Will investigate three criterid/ (D), H(W) and
ported in following two tables. In the lower table; (or >)  H(Yy), for model selection. The distance measure

means that the average value of functifiQcosine) is lower ; SN _
(or higher) thanH (Q ss), and it will result in selecting cosine can be automatically selected by minimizing the av

(or JS) as distance Measu€@.osin. (or Q) represents a ma- €rage value of functiorf/ (D), H(W) or H(Yy)
trix using cosine similarity (or JS divergencg).andx denote gver 20 trials.

correct and wrong prediction results respectively, whifgeans : :
that any prediction is acceptable. Let @ be theM x N matrix. FunctionH (@) can

IPonVs LD)s measure the entropy of matr@®, which is defined
Data p-value | Significance as (Dash and Liu, 2000):
Senseval-3 (1%) | 1.1e-003 <
Senseval-3 (10%)| 8.9e-005 < Sij =exp (—a* Qi ), (1)
Senseval-3 (25%)| 9.0e-009 <
Senseval-3 (50%)| 3.2e-010 < M N
Senseval-3 (75%)| 7.7e-013 < H - _ S;ilog S; i+ (1 =S )log(1—5S;,)),
o ooy 176 < @ ZZ( 10g Sy + (1= S ) log (1 - 5i.))
interest 3.3e-002 > -7 )
line 8.1e-002 ~ . .. .
- T T whereq is positive constant. The possible valuexof
H(D HW H(Yy i« In05 T 1 5 .. Cigi
Data cos. vs. JS| cos. vs. JS| cos. vs. JS IS I ,VyhereI -~ MN _ZW QW' Sisintroduced
Senseval3 (1%) W) =) =) for normalization of matrix)). For Senseval-3 data,
Senseval-3 (10%)| < (x) > (V) < (X) we calculated an overall average scord&(i)) by
Senseval-3 (25%)| < (x) > (V) < (%) N test ; _
Senseval-3 (50%) > (v) > W) S | Zw s Naen H(Qu)- Nuest IS the number of ex
SSensevatl-BS((fgg@) > ((\/)) > ((\/)) > ((\/)) amples in test set of word. H(D), H(W) and
enseval- 0 < (o > (o < (o . . .
interest <) 209 <) H(Yy) can be pbtamed by replacirg with D, W
line > (o) > (o) > (o) andY7; respectively.

Table 3 reports the automatic prediction results
of these three criteria.
can see that on Senseval-3 corpli$);s performs From Table 3, we can see that usiif(1V)
significantly better tharl P.,s;ne, but their perfor- can consistently select the optimal distance measure
mance is almost comparable on “interest” and “linehen the performance gap betweéw, s, and
corpora. This observation motivates us to automaf-P; is very large (denoted by or >>). But H (D)
ically select a distance measure that will boost thandH (Y7;) fail to find the optimal distance measure
performance of LP on a given dataset. when only very few labeled examples are available

Cross-validation on labeled data is a widely ac{percentage of labeled data10%).
cepted model selection method for supervised learn- H (W) measures the separability of matrik.
ing. But for the setting of semi-supervised learningdigher value of H(WW) means that distance mea-
(I < u), the labeled data is usually not enough fosure decreases the separability of examples in full
reliable model selection. In (Zhu and Ghahramaniataset. Then the boundary between clusters is ob-
2002; Zhu et al., 2003), they suggested a label escured, which makes it difficult for LP to locate this
tropy criterionH (Yy;) for model selection, wherg  boundary. Therefore higher value 8f(WW) results
is the label matrix learned by their semi-superviseth worse performance of LP.
algorithms. The intuition behind their method is When labeled dataset is small, the distances be-
that good parameters should result in confident ldween classes can not be reliably estimated, which
beling. Entropy on matriX¥V (H(W)) is a com- results in unreliable indication of the separability
monly used measure for unsupervised feature seleaf examples in full dataset. This is the reason that
tion (Dash and Liu, 2000), which can be considered (D) performs poorly on Senseval-3 corpus when
here. Another possible criterion for model selecthe percentage of labeled data is less th&i.
tion is to measure the entropy ofx c inter-class  For H(Yy), small labeled dataset can not reveal
distance matrixD calculated on labeled data (de-intrinsic structure in data, which may bias the esti-
noted asf (D)), whereD; ; represents the averagemation ofYy;. Then labeling confidence{(Yr))



can not properly indicate the performance of LPsum, A, Lafferty, J., Rwebangira, R., & Reddy, R.. 2004. Semi-Supervised
ThiS may interpret the pOOI’ performanceIﬂS’(YU) Learning Using Randomized MincutsCML-2004.

_ Brown P., Stephen, D.P., Vincent, D.P., & Robert, Mercer.. 1991. Word Sense
on Senseval-3 data when percentgg%%. Disambiguation Using Statistical Method&CL-1991.

i Chapelle, O., Weston, J., & Sdkkopf, B. 2002. Cluster Kernels for Semi-
5 Conclusion supervised LearningIPS 15.

. . . Dagan, I. & Itai A.. 1994. Word Sense Disambiguation Using A Second Lan-
In this paper we have |nvest|gated a label propaga- gggge Monolingual CorpusComputational Linguistics, Vol. 20(4), pp. 563-

tion based semi-supervised learning algorithm for
. . . Dash, M., & Liu, H.. 2000. Feat Selection for ClusterifpAKDD(pp. 110—
WSD, which fully realizes a global consistency as-" 137"~ ealure Selection for ClusterighkDD(pp

Sumptlon: Slmllar examples ShOUId have Slmllar IaI_Diab, M., & Resnik. P.. 2002. An Unsupervised Method for Word Sense fgggi

bels. In learning process, the labels of unlabeled ex- Using Parallel CorporaACL-2002(pp. 255-262).
amples are determined not Only by neal’by labelegbarst, M.. 1991. Noun Homograph Disambiguation using Local Context i

Large Text Corpora.Proceedings of the 7th Annual Conference of the UW
examples, but also by nearby unlabeled examples- Centre for the New OED and Text Research: Using Corpora, 24:1, 1-41.

Compared Wlth seml-superVI§ed WSD methOdS Iparov, Y. & Edelmgn, Sl..A1998. Similarity-Based Word Sense Disambiguation
the first and second categories, our corpus basedComputational Linguistics, 24(1): 41-59.

method does not need external resources, inclutkacock, C., Miller, G.A. & Chodorow, M.. 1998. Using Corpus Statistand
. e . . WordNet Relations for Sense Identificatidbomputational Linguistics, 24:1,
ing WordNet, bilingual lexicon, aligned parallel cor- 147165

pora' Our anaIySIS and expe”mental results demo[‘e‘e, Y.K. & Ng, H.T.. 2002. An Empirical Evaluation of Knowledge Sourced an
strate the potentia| of this cluster assumption based I‘ia“rgi)ng Algorithms for Word Sense DisambiguatioEMNLP-2002, (pp.

algorithm. It achieves better performance than SVM
.,Lesk M.. 1986. Automated Word Sense Disambiguation Using Machine Read-
when only very few labeled examples are avail-apie Dictionaries: How to Tell a Pine Cone from an Ice Cream CdPre

able, and its performance is also better than mono- ceedingsof the ACM SGDOC Conference.

|ingua| bootstrapping and Comparable to bilinguall.i, H. & Li, C.. 2004. Word Translation Disambiguation Using Bilingl Boot-
. . strapping.Computational Linguistics, 30(1), 1-22.
bootstrapping. Finally we suggest an entropy based
. . . . Lin, D.K.. 1997. Using Syntactic Dependency as Local Context to Reddbrd
method to automatically identify a distance measure "sense AmbiguityACL-1997.

that can boost the performance of LP algorithm on Qn J. 1991. Divergence Measures Based on the Shannon Entilpl. Trans-
given dataset. actions on Information Theory, 37:1, 145-150.

It has been shown that one sense per discourdecarthy, D., Koeling, R., Weeds, J., & Carroll, J.. 2004. Finding Predant
Word Senses in Untagged TexX¥CL-2004.

property can improve the performance of bootstrap-
Mihalcea R.. 2004. Co-training and Self-training for Word Sense Disambigua-

ping algorithm (Li and Li, 2004; Yarowsky, 1995). " tion. coNLL-2004.
This heuristics can be integrated into LP algorithmy,.cea k. chiiovski, T., & Kilgarift, A.. 2004. The Senseval-3 EshlLexi-
by setting weightV; ; = 1 if the i-th and j-th in- cal Sample TaskSENSEVAL-2004.

stances are in the same discourse. Ng, H.T., Wang, B., & Chan, Y.S.. 2003. Exploiting Parallel Texts Ygord
. Sense Disambiguation: An Empirical StudyCL-2003, pp. 455-462.
In the future we may extend the evaluation of LP
. . Park, S.B., Zhang, B.T., & Kim, Y.T.. 2000. Word Sense Disambigmatip
algorithm and related cluster assumption based al- caming from Unlabeled DatsCL-2000.

gorlthm_s US.IHQ .more benchmark data fOI’ WSD. Anéchat;e_, H.. 1998. Automatic Word Sense Discriminati@@omputational Lin-
other direction is to use feature clustering technique guistics, 24:1, 97-123.

to deal with data sparseness and noisy feature proge, H.C., Chung, H.J., Rim, H.C., Myaeng. S.H., & Kim, S.H.. £00nsu-
pervised Word Sense Disambiguation Using WordNet Relatizsmputer,
lem. Speech and Language, 18:3, 253-273.

ACknOWIedgement We WOUId “ke to thank Szummer, M., & Jaakkola, T.. 2001. Partially Labeled Classification with Marko
anonymous reviewers for their helpful comments, Random WalksNIPS14.

Z.Y. Niu is Supported by A*STAR Graduate Schol-Yarowsky, D.. 1995. Unsupervised Word Sense Disambiguation RivalipgrS
vised MethodsACL-1995, pp. 189-196.

arship.
Yarowsky, D.. 1992. Word Sense Disambiguation Using Statistical Moolel
Roget’s Categories Trained on Large CorpdZ&LING-1992, pp. 454-460.
Zhu, X. & Ghahramani, Z.. 2002. Learning from Labeled and Unlabeled Data
Refe rences with Label PropagationCMU CALD tech report CMU-CALD-02-107.

Zhu, X., Ghahramani, Z., & Lafferty, J.. 2003. Semi-Supervised Learning Usin
Belkin, M., & Niyogi, P.. 2002. Using Manifold Structure for Partiallyaheled Gaussian Fields and HarmonicyFunctioi@ML-ZOOB. P 9 9

Classification.NIPS 15.



