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What is WSD?

• Word Sense Disambiguation (WSD) 
aims at making explicit the 
semantics of a word in context by:

   1) identifying the most suitable 
meaning from a predefined sense 
inventory. (discriminate)
   Or, 2) generating it. (generative)
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Book two seats at the theater.

• Sense 1: a set of 
papers bound together 
between a front and 
back cover

• Sense 2: to reserve in 
advance

…

To reserve in …

Dictionary/inventory



Why lexical ambiguity?
Different meanings (ambiguous?) for the same lexical form: 
• Polysemous words (多义词)
   - (Historically) related meanings, e.g., “pet chicken” v. “roast chicken”
   - Often in the same entry of a dictionary. 84%, and 37% have five or more 
senses [Rodd et al., 2004].
• Homonymous words (同形/音异义词)
   - Unrelated meanings, e.g., “tree bark” (树皮) v. “dog bark” (狗吠).
   - Often in the separate headwords (entries). 7.4%.
• Other factors, e.g., tones, pronunciation…
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多义词

同形异义词

Lexeme: <lemma, pos>
词素: <词目, 词类>



Overview

• Resources: What do we have?
• Methods: knowledge or data-driven?
• Evaluation

11/30/2025 Paper Sharing 6



Resources for WSD

WSD is a knowledge-intensive task:
• Sense inventories
   reference computational lexicons 
which enumerate possible meanings.
• Annotated corpora
   a subset of words (instance) are 
tagged with one or more possible 
meanings drawn from the given 
inventory.
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We have made no such 
statement.

make%2:36:1
2::

statement%1:10:0
0::

corpor
a

Other info., i.e., <pos, lemma> 
(lexeme)



Resources for WSD
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We have made no such 
statement.

make%2:36:1
2::

Make#16 
(perform or carry 
out) 

statement#1 (a message that is 
stated or declared)

statement%1:10:0
0::

corpor
a

inventor
y

inventor
y

WSD is a knowledge-intensive task:
• Sense inventories
   reference computational lexicons 
which enumerate possible meanings.
• Annotated corpora
   a subset of words (instance) are 
tagged with one or more possible 
meanings drawn from the given 
inventory.



Sense Inventories: WordNet
• A large, manually-curated lexicographic database of English and the de 

facto standard inventory for WSD.  
• WordNet was first created by psychology professor Miller in Princeton 

University in 1985. [Miller et al., 1990]
• Structured as a graph: 
   1) Node: synsets (同义词集): groups of contextual synonyms. (lemma)
                + gloss (brief definition) + examples + flag …

•  Consist of common nouns, verbs, adjectives and adverbs…
•  “form-meaning pair” thesaurus

   2) Edge: hypernymy (is-a, 上下级关系): armchair→chair→furniture
                 meronymy (part-of, 部分从属): seat/leg—chair
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Sense Inventories: WordNet
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<Noun, 
fork#2> 

<Noun, 
fork#1>

<Verb, 
fork#1>

<Noun, 
tablefork#1>

http://wordnetweb.princeton.edu/perl/web
wn



• BabelNet [Navigli and Ponzetto, 2012]: 
          multilingual, similar structure to WordNet.
          (500 languages & 20M synsets vs. ~117K for WordNet)

• HowNet:  sememe-based (义原), 2K sememes and uses them to annotate 
over 100K Chinese and English words.
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Sense Inventories: Others

https://openhownet.thunlp.org/about_hown
et



Sense-annotated Corpora

• Data for Training
   (1) SemCor [Miller et al., 1994] is 
the largest manually sense-annotated 
corpus annotated with WordNet 
senses.
   (2) OMSTI [Taghipour and Ng, 
2015a] is an automatically 
constructed corpus based on WordNet 
3.0 inventory.
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• Data for Testing
   (1) Senseval-2: WordNet 1.7 based.
   (2) Senseval-3: editorial, news story 
and fiction
   (3) SemEval-07 task 17: smallest, 
based on WordNet 2.1.
   (4) SemEval-13 task 12: Wordnet 3.0, 
only nouns
   (5) SemEval-15 task 13: Wordnet 3.0, 
biomedical, mathematics/computing and 
social issues 
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Sense-annotated Corpora - Statistics



Dataset limitations

• Wordnet has fine-grained annotations, causing the glosses non-
orthogonal. E.g., two glosses for change are a thing that is different 
and a different or fresh set of clothes.

• Training Corpus: Most Frequent Sense Bias (0-shot or few-shot for 
some senses)

• [Personal] It fails to capture the uncertainty, since the sense of one 
word given a context is certain, in other words, not ambiguous. (I am 
not sure what this word mean in the context.)
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Main Approaches
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Knowledge-based

• External inventories, 
like WordNet, BabelNet

• Independent from 
labeled training data 
(thus, unsupervised)

• Graph-based method

Pro:
Generalized; inclusive; 
robust; no need to labeling

Con:
Time-consuming; unrelated 
to task; (sometimes) noisy

Just think of it as reciting a dictionary before your IELT test…



Main Approaches
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Supervised

• Annotated corpora, 
like SemCor.

• Multi-label
• How to define the 

task matters. (That 
decides how to use 
the supervisory signal)

Pro:
Precise (as a target); 
lightweight; time-saving

Con:
Epistemic uncertainty (less 
generalized); 
Labeling/training time 
consuming; Annotated bias

Just think it as preparing your IELT test only by old exercises 4-15…



Main Approaches
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Knowledge-based SupervisedHybrid supervised and knowledge-based

• Annotated corpora, 
like SemCor.

• Multi-label
• How to define the 

task matters. (That 
decides how to use 
the supervisory signal

• External inventories, 
like WordNet, BabelNet

• Independent from 
labeled training data 
(thus, unsupervised)

• Graph-based method

Pro:
Generalized; 
inclusive; robust

Con:
Time-consuming; 
unrelated to task; 
(sometimes) noisy

Pro:
Precise (as a target); 
lightweight; time-saving

Con:
Epistemic uncertainty (less 
generalized); 
Labeling/training time 
consuming; Annotated bias



Knowledge-based WSD
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Method Algorithm Corpus Language
SyntagRank 

[Scozzafava et al., 
2020]

Personalized 
PageRank 
algorithm

WordNet portion of 
BabelNet; WNG Multiple languages

SREF_KB [Wang 
and Wang, 2020]

vector-based 
approach WordNet English only

Other methods:
random walks [Agirre et al., 2014, UKB], clique approximation [Moro et al., 2014, 
Babelfy], or game theory [Tripodi and Navigli, 2019].



(Purely) Supervised WSD

• Annotations: SemCor: word, context, sense>
• How to define the task?
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Mechanism Method-based Input Output

Discriminative

(Multi-label) 
classification-based Sense id (one-hot) Sense id by logits

Retrieval-based All Glosses/senses Sense id by similarity
Span Extraction All Glosses/senses <Start id, End id>

Generative Sequential generation Gloss/sense Sense itself



(Purely) Supervised WSD

• Annotations: SemCor: [w1, w2, …<word, context, sense>…]
• How to define the task?
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Mechanism Method-based Input Output

Discriminative

(Multi-label) 
classification-based Sense id (one-hot) Sense id by logits
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Purely Data-Driven WSD (token-level)
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Token-level classification

Training:

Test:

 shows the probability of N possible senses

[Hadiwinoto et al., 2019], [Bevilacqua and 
Navigli, 2019], [Vial et al., 2019] 



Purely Data-Driven WSD
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Training:

Test:

1-nn vector-based (retrieval based)

sense embeddings: averaging the contextual vectors of 
instances within the training set with the same sense.

[Peters et al., 2018]



Supervised WSD Exploiting Glosses
• From one-hot to linguistic sequence.
  1) Token-level classification → Sequence-level classification/matching/retrieval 
[Huang et al., 2019; Yap et al., 2020]
  2) 1nn-approach (retrieval based): 
   i) to concatenate gloss vector to the original sense vector.
SensEmBERT [Scarlini et al., 2020a], ARES [Scarlini et al., 2020b], SREF [Wang 
and Wang, 2020]
   ii) to learn an aligned training text and sense representations.
EWISE [Kumar et al., 2019], EWISER [Bevilacqua and Navigli, 2020], BEM 
[Blevins and Zettlemoyer, 2020]
   3) Span extraction (location) problem: Barba et al. [2021, ESC & ESCHER]
   4) Natural Language Generation (definition modeling): Bevilacqua et al. [2020]
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• From one-hot to linguistic sequence.
  1) Token-level classification → Sequence-level classification [Huang et al., 2019; 
Yap et al., 2020]
  2) 1nn-approach (retrieval based): 
   i) to concatenate gloss vector to the original sense vector.
SensEmBERT [Scarlini et al., 2020a], ARES [Scarlini et al., 2020b], SREF [Wang 
and Wang, 2020]
   ii) to learn an aligned training text and sense representations.
EWISE [Kumar et al., 2019], EWISER [Bevilacqua and Navigli, 2020], BEM 
[Blevins and Zettlemoyer, 2020]
   3) Span extraction (location) problem: Barba et al. [2021, ESC & ESCHER]
   4) Natural Language Generation (definition modeling): Bevilacqua et al. [2020]

11/30/2025 Paper Sharing 27



Supervised WSD Exploiting Relations
How to exploit the graph structure of knowledge?
• Relations:
   Neighbor embeddings in WordNet. → Senses lack in SemCor [LMMS, 2019]
   WordNet hypernymy and hyponymy relations. → Refining prediction. [2020, SREF]
   Ancestor in the WordNet taxonomy → Reducing the output class number. [Vial et al. 2019]
  The full graph structure (GCNs) → Increasing more knowledge. [EWISER, 2020][Conia and Navigli 2021]

   Note: Token-level methods than sentence-level ones more commonly exploit relational knowledge.
• Other knowledges:
   BabelNet → Refining results by comparing them with NMT and BabelNet translations [Luan et al., 
2020]

   BabelPic dataset → Adding visual modal [Calabrese et al., 2020b]
   Wikipedia and Web search contexts [Scarlini et al., 2020a; Scarlini et al., 2020b; Wang and Wang, 
2020]
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Evaluation
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•Metric: F1 score
•Upper bound 
~80% (By inter-
annotator 
agreement) 
(uncertainty)  



What’s next?
• New challenging test sets, e.g., OOD sense distribution. (domain shift is 

common for Web text and evolving languages). Note that sentence-level 
and knowledge-based methods offer zero-shot capabilities due to more data 
available.

• Multilingual WSD. (dataset, evaluation, specific issues…)
• How to employ them in downstream tasks, like NMT, QA and so on. [One 

simple observation is that not every word needs disambiguation given a 
clear context; And some words (like metaphors) do not even appear at a 
Wordnet-like dictionary.]

• How to interpret? Does it really capture the sense, even if it breaches the 
glass ceiling?
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Introduction

• WSD definition:
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Multi-label classification

Formulation:
a very large vocabulary of discrete 
senses
Limitations:
• Poor generalization (sense only 

defined by occurrences in the 
training data).

• Unexplored lingual cues.
• Not flexible



Introduction

• WSD definition:
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Multi-label classification Gloss-aware classification

Formulation:
a very large vocabulary of discrete 
senses
Limitations:
• Poor generalization (sense only 

defined by occurrences in the 
training data).

• Unexplored lingual cues.
• Not flexible

Formulation:
integrating sense definition
Limitations:
• Not all candidate definitions are 

utilized together at once.
→ Limit the capability and generalization.



Introduction

• WSD definition:
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Multi-label classification Gloss-aware classification

Formulation:
a very large vocabulary of discrete 
senses
Limitations:
• Poor generalization (sense only 

defined by occurrences in the 
training data).

• Unexplored lingual cues.
• Not flexible

Formulation:
integrating sense definition
Limitations:
• Not all candidate definitions are 

explicitly utilized.
→ Limit the capability and generalization.

ESC: integrating all the candidates 



Introduction: ESC

• New frame: Extractive Sense Comprehension (ESC) is inspired by the 
Extractive Reading Comprehension in the field of Question 
Answering.

• Formulation:
   1) Input: a sentence with a target word and all its possible sense 
definitions.
   2) Output: the location of the text span for the correct meaning.
• Advantages: 
   1) Generalization: efficient few-shot learning
   2) Flexibility: It can scale effectively across different lexical resources. 
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Related Work
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Mechanism Method-based Resources Output

Discriminative

(Multi-label) 
classification-based Sense id (one-hot) Sense id by logits

Retrieval-based All Glosses/senses Sense id by similarity
Span Extraction All Glosses/senses <Start id, End id>

Generative Sequential generation Gloss/sense Sense itself



Method
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Input:

(Training) Output:

where,

context target word Gloss 1 *Gloss 2Loss:



Method
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Input:

Test:

context target word Gloss 1 *Gloss 2



Method: Rebalancing MFS bias

• It may still be biased towards the most frequent sense (MFS) regardless of its 
contextualization.

• Inspired by negative sampling technique, the author adds k frequent definitions 
(Gloss Noise) that are not related to the target word. 

• The k unrelated glosses are sampled from the following multinomial distribution:
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Where k is sampled from a Poisson distribution with λ=1 （expectation is 1).
It keeps the discrepancy between training and testing as small as possible.



Standard WSD Evaluation
• Standard data: SemCor for training; SE07, SE2, SE3, SE13, SE15 for testing.
• New constructed data for generalization testing:
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Instances with …
MFS Most frequent senses
LFS Least frequent senses
0-lex Unseen lexeme in the training set

0-lex-def Unseen <lexeme, gloss/definition> in the training set
0-def Unseen gloss in the training set

Note: 1) lexeme = <lemma, part of speech>.
          2) 0-def includes definitions shared by different synonyms (synset), with more seen cases than 0-lex-def.

water #1, #2, #3, #4, #5, 
#6water #1
water 
#1+H2O#1



Results (F1) - Performance
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BERT and BART 
are as feature 
extractors of 
classifiers



Results (F1) – Generalization 
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Zero-shot datasets



Results (F1) – Few-shot scenario 
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k: number of training 
instances （i.e., annotated 
word) per sense



Flexibility – Merging Multiple Knowledge Bases
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Additional corpus: Oxford Dictionary
Statistics: Exp. Polysemy #{appeared senses} over 
#{all possible senses}



Error Analysis
• Most frequent sense bias
• Insufficient context
   Phenomenon: ESCHER mistakes most often appear in sentences with an average 
length of 27 tokens, roughly 5 tokens less than that in ALL (32)
   Annotation bias: annotators consider each instance in the context of the documents 
instead of a sentence.
• WordNet sense granularity
   Phenomenon: A considerable overlap with domains of the correct sense and 
predicted sense for the misclassified instance. (0.49 > random classifier 0.27) [via 
CSI inventory]
   Bias: WordNet has a fine-grained annotations which is highly correlated.
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Conclusion

• A new formulation for WSD – Extractive Sense Comprehension (ESC)
• More efficient use of the training data (1.7 higher than SOTA)
• Better generalization for zero-shot evaluation and few-shot learning.
• More flexible to scale across different inventories and combine them 

effectively.

• Note: another work ConSec expanding ESC has been published on 
EMNLP’21
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