Graded Word Sense
Assignment

Hu Jingwen



Overview

Introduction

Data

Models for Graded Word Sense Assignment (wWSD/
single, WSD/conf., Prototype)

Evaluating Graded Word Sense Assignment

(correlation, divergence, precision and recall)
Experiments and Discussion
Conclusion



Introduction

Word sense disambiguation (WSD): label a word
with best-fitting sense

Problem: hard to define clear cut sense boundary
and word sense strongly depends on the context

Previous work: create a coarse-grained invertory
of word sense for humans and computers by
automatically relating or clustering existing word
sense



Introduction

In this paper:
Mark target word in context with graded ratings (scale of
1-5) on senses

Propose evaluation metrics which 1s used on graded word
sense judgments (GWS)

Investigate two classes of models (classical WSD models

and prototype-based vector space models) perform on
GWS

Provides a novel analysis of annotator performance
on the GWS dataset



Data

Use a subset of the GWS dataset (Erk et al., 2009)

Three annotators supply ordinal judgments of the
applicability of WordNet (v3.0) senses on a 5 point
scale (1-completely different, 2— mostly different, 3 —
similar, 4 — very similar and 5—identical)

Random 8 lemmas and 50 sentences per lemma
applied



‘ Data

denses
Sentence D3 4% 6 T Annotator
This can be ustined thermodynamically mthscase,and - | 2 3 3 3 5 1 3| Aml|
(s wall e done 1n & Separate paper which 1s being N I S R N R A1
nrepared. T O B A1
33235 13 1] Avg

Table 1 A sample annotation tn the GWS experiment, The senses are; | material from cellulose 2 report
3 publication 4 medium for writing 3 scientiic & publishing firm 7 physical object




‘ Data

lemma # # training
(PoSs) SCNsScS SemCor SE-3
add (v) G 171 238
argument (n) 7 14 195
ask (v) 7 386 236
different (a) 5 106G 73
important (a) 5 125 11
interest (n) F 111 1 &0
paper (n) 7 46 207
win (v) 4 et 53
total training sentences 1047 1173

Table 2: LLemmas used in this study

with various sense-tagged datasets (e.g. (Mliller et
al., 1993; Mihalcea et al., 2004)) for comparison.




Data

Baseline model: compared by other models as
reference, which simply uses training data to
obtain probability distribution over sense

Results: more use of intermediate levels of
applicability (2-4) and more positive ratings (3-5)
Normalization of judgments:

normalized judgment = (judgment —1.0)/4.0



Models for Graded Word Sense
Assignment

Single-best-sense WSD (WSD/single):

Assign a target word 1n each test occurrence a
single best-fitting word sense

Feedback confidence score 1 to assigned sense
and score 0 to all other senses

Not highly optimized, but fairly standard



Models for Graded Word Sense
Assignment

WSD confidence level as judgment (WSD/conf.)

The same WSD system as WSD/single, but predict a
judgment for each sense of a target occurrence with
confidence level



Models for Graded Word Sense
Assignment

Word senses as points in semantic space (prototype) :
Represent word senses as points in a semantic space
Model graded sense applicability judgments by vector
similarity
Dimensions of vector space-features of WSD system
Coordinates-raw feature counts
Measure the distance between feature vectors in space

Prototype- first order feature vector, Prototype/2- second
order feature vector



Models for Graded Word Sense
Assignment

Word senses as points in semantic space (prototype) :

For spurious negative data, prototype models forget
competition and 1ignore that. WSD models fully trust
the negative data.



Evaluating Graded Word Sense
Assignment

Correlation between gold and predicted judgments:

Tested by Spearman’s p, which uses the formula of

Pearson's coefficient cov(X.Y
P g ke

OX0y

Measure the abstracts from absolute values of
judgments and magnitude of difference

Judgment represented as 4-tuple < lemma,
sense no, sentence no, judgment >



Evaluating Graded Word Sense
Assignment

Correlation between gold and predicted judgments:

by lemma: for each lemma ¢ € L, compute cor-
relation between G|jermma=s and A

lemma=#

by lemma-+sense: for each lemma ¢ and each
sense number i € Sy, compute cor-

relation between G|EETﬂ.Tﬂ.ﬂ=E:srznsmm=i' and
-"4—

lemma=£,senseno=i

by lemma+sentence: for each lemma £ and sen-
tence number ¢ & 1, compute cor-

I‘E:lEltiGﬂ hEﬁ’[‘ﬁ-"EEﬂ G|.?.|!':Tn.rn.r1=4’:".sr:ntmlr.'ﬁzt Ell"ld
.:4.

lemma=¢,sentence=t



Evaluating Graded Word Sense
Assignment

Correlation between gold and predicted judgments:

By lemma: test the consistent use of judgments for
the same target lemma

By lemma-+sense: test how strongly a given word
sense evoked at the same target lemma

By lemma-+sentence: test how strongly a given target
lemma occurrence applied for different senses



Evaluating Graded Word Sense
Assignment

Divergence:

Measure the similarity between two probability
distributions by Jensen/Shannon (J/S) divergence

IS(p.0) = 5 (D(@IP+%) + D(all 1Y)

Measure the abstracts from absolute values of
judgments NOT from magnitude of difference



Evaluating Graded Word Sense
Assignment

Precision and Recall:

Evaluate the correctness of a pattern recognition
algorithm

Test what degree a model conforms to the absolute
judgments given by human annotators

Precision defined as

¥ Syt min(gﬂldfﬁi!t: assigneclg!i?t)

= ol
ZiESg,tET assigned, ; 4




Evaluating Graded Word Sense
Assignment

Precision and Recall:
Recall defined as

ZiESg,tET min(gold, ; ;, assigned, ; ;)
ZiESg,tET gold, ; ;

F-score: as the harmonic mean of precision and recall

F=2PR/(P+ R)

Ry =




‘ Experiments and Discussion

by lemmg bylemmassense by lommatsentence
Am | p R v S S
Am. 03T 1000 1000 | 0407 T30 383 0482 213 1LY 031 ) 306 873] 4
Am.2 | 0087 1000 1000 | 0403 o688 3830612 31 1727 0133 703 624 6K
AmJ3 | 0328 1000 1000 | 041 TR0 383|050 208 78| 0165 | 814 323 640
Avg | 0341000 1000 10407 T36 83055 10 122 0149 ] 093 674 65

Table 4; Human cetling: one amnotator vs, average of the other two annotators, «, =+ percentage
significant at p < 0.05, p < 0.01, Av; average annotator performance




Experiments and Discussion

For Table 4 (shows human performance)

Annotator 1 different from other two, tends to assign
higher ratings, has lower J/S and higher Recall than
Precision

Quite significant correlation for all lemmas, less
significant correlation for lemma-+sense or
lemma+sentence. Smaller p value with worse

correlation
( p< 0.05vs.p< 0.01)



‘ Experiments and Discussion

by lemma by lemmassense by lemmatsentence

Model f oD ORI BRI P R F
WSDisingle || 0.207 815 750 [ 0053 63 42]028 28 18] 039 || 587 255 35
WSDjconf || 0.3% 875 875 [ 0177 333 88| 0400 108 30| 0.e4 | &L8 371 310
Proionpe || 0.245 025 625 0053 208 8310396 153 25| 0173 384 783 663
Proonypel? | 0292 875 875 | 0080 146 42| 0478 208 75| 0.164 | 682 0633 657
Proorype/N- || 0.396 | 1000 1000 | 0137 229 146 | 039 153 25 | 0173 | 822 299 439
Protorype/2N || 0463 | 1000 1000 | 0.168 298 234 | 0478 208 75 | 0.164 || 826 309 450

baseling 0338 815 #1500 00 00]035 103 300167799 345 4]

Table 3 Evaluation; computational models, and baseline. <, <« percentage significant at p < (.05,
p <01




Experiments and Discussion

For Table 5 (shows the performance of different
models)

WSD/single below baseline
WSD/conf slightly above baseline

Prototype deviate strongly from baseline, have good
recall

WSD/conf and Prototype/2N show best performance of J/
S

Prototype/N and Prototype/2N achieve very high
correlation by lemma



Experiments and Discussion

Human performance:
Provide a novel analysis of the GWS dataset

Show very strong correlation of rankings by lemma
and also by lemma-+sense

Low precision and recall indicate that different
annotators use the 5-point scale in different ways

Average judgments NOT influenced by individual
annotator



Experiments and Discussion

Evaluation measures:

Rankings by lemma+sense and by lemma-+sentence
have potential use in systems

Measurements of graded precision and recall require
a more fine-grained analysis of the performance of
models



Experiments and Discussion

Standard WSD models vs. Vector space models:
WSD/conf has the highest correlation by lemma and
high precision
Prototype , which tends to assign high ratings, has
much better recall and higher F-score

Compared to Prototype, Prototype/2 (with using second
order vectors) 1s much less sparse and yields better
rankings



Experiments and Discussion

Standard WSD models vs. Vector space models:

WSD/conf performs slightly above baseline because of
a very familiar picture from standard WSD

Prototype/2N shows best correlation, which pays
minimal attention to the negative data, uses
normalization and second order vectors

Low ratings in correlation by lemma-+sense indicates
models might be limited by the lack of training data
for many of the rarer senses



Conclusion

Study on graded annotator judgments on sense
applicability

Evaluate GWS by correlation, devergence and new
extensions (precision and recall)

Test two types of models: WSD and prototype
models

Investigate features, which 1s more informative for
making graded judgments, in the future



Thank you for your attention!
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