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Outline
• Background
• One paper about evaluation of WSD
• Master thesis work
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WSD in NAACL’22
• NAACL’22 was held from July 11 to July 13.
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1.Reducing Disambiguation Biases in NMT by Leveraging Explicit Word 
Sense Information Niccolò Campolungo, Tommaso Pasini, Denis Emelin, 
Roberto Navigli
2.WiC = TSV = WSD: On the Equivalence of Three Semantic Tasks Bradley 
Hauer, Grzegorz Kondrak
3.Global Entity Disambiguation with BERT Ikuya Yamada, Koki Washio, 
Hiroyuki Shindo, Yuji Matsumoto
4.MultiNERD: A Multilingual, Multi-Genre and Fine-Grained Dataset for 
Named Entity Recognition (and Disambiguation) S. Tedeschi and R. Navigli

https://2022.naacl.org/program/accepted_papers/

https://2022.naacl.org/program/accepted_papers/


Word Sense Disambiguation
• Given a target word in a context, 

choose the best sense from an 
inventory (dictionary).

• Discriminative (as classification or 
retrieval) v. Generative (as 
structured sequence prediction)

• Corpora v. Knowledge
• Data-driven v. Knowledge-based
• Rule-based v. Statistics-based [

Navigli, 2009] v. DL-based [Bevilacqua 
et al., 2021]

Tsinghua - Computational Linguistics Paper Sharing 4

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

…Dictionary/inventory

To reserve in …



Main Approaches
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Knowledge-based SupervisedHybrid supervised and knowledge-based

• Annotated corpora, 
like SemCor.

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

• Classification/retrieval/
extractive/generative

• External inventories, 
like WordNet, BabelNet

• Independent from 
labeled training data 
(thus, unsupervised)

• Graph-based method

Pro:
Well-generalized; 
inclusive; robust

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

Pro:
Precise (similar distribution 
to test data); lightweight; 
time-saving

Con:
Generalized risks;
Knowledge acquisition 
bottleneck; annotated bias

[Bevilacqua et al., 2021]



Evaluation
• How to compare different WSD systems fairly?
• How to measure the result of a WSD system?

• (Discriminative) Output: confidence value (one-hot) �(��) distributed 
on �� possible senses for each target word ��

• Only accuracy is enough as a multi-class classification? 
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EACL 2017; Cited by 290

http://lcl.uniroma1.it/wsdeval/



Motivation
• Lack of a reliable evaluation framework
1) Evaluation datasets differ in format, construction guidelines and 

underlying sense inventory.
2) Different training corpus and preprocessing.
3) Different dictionaries (coarse v. fine)
• Contributions
1) A unified benchmark for a fair comparison
2) Analysis on the effect of unlabeled corpus
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Standardization of WSD 
datasets
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Corpus format
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Formalized as an XML file with a unique instance pointer.



Knowledge format
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Mapped original WordNet version to 3.0 
(current version) semiautomatically:
1) Mapping senses with 100% confidence
2) The remaining sense annotation is 

checked manually.
3) Removal all annotations of auxiliary verbs.



Preprocessing
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StanfordCoreNLP toolkit for PoS tagging and lemmatization



Standardization of WSD 
datasets
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Make sure that the sense annotations match the lemma and the PoS tag



WSD datasets
• Evaluation: the Senseval/SemEval competitions: held from 

1998
• (Training) corpus: SemCor (manually) & OMSTI (automatically)
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#Sense types: number of unique sense (sense vocabulary)
Ambiguity: number of candidate senses on average 



WSD systems
• Supervised
1) IMS [Zhong and Ng, 2010]: SVM over a set of conventional WSD features
2) IMS + embeddings: word embedding (trained on unlabeled data)
3) Context2Vec [Melamud et al., 2016]: Neural networks
4) Baseline: MFS (lower bound)
• Knowledge-based
1) Lesk [Lesk, 1986]: based on overlap between the definitions of a given 

sense and the context of the target word
2) UKB-based: Personalized Page Rank algorithm and Random walk
3) Babelfy [Moro et al., 2014]: integrating World knowledge, such as 

Wikipedia.
4) Baseline: Wordnet first sense (lower bound)

Tsinghua - Computational Linguistics Paper Sharing 15



Metrics
• F1 score

푃푟�� = ��표푟푟���
�푎푛푛표�푎���

  푅�� = ��표푟푟���
��푎푟����

F1 = GeoAvg(Prec, Rec)
• When system annotates all the instances, �1 = 푃푟�� = 푅�� = 퐴��.
• [Personal] While F1 score is the de facto metric, it has some flaws:
1) Micro v. Macro [Maru, et al, 2022]: micro-averaged overestimates 

MFS bias
2) F1 is a hard match, Roc curve can be a softer operator [Cohn, 

2003]

3) Lack of uncertainty quantification
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Results

Tsinghua - Computational Linguistics Paper Sharing 17

Ambiguity:      5.4,         6.7,            8.5,           4.9,           5.5



Results
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• Verb bears much more ambiguity



Results
• Training corpus
• KB v. supervised
• Verbs
• Baselines
• MFS bias (71%-

75%)
• 80% ITA ceiling
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• Ceiling (Upper bound): proportion of test data appearing in the training set.



Later works
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•Metric: F1 score
•Upper bound 
~80% (By inter-
annotator 
agreement) 
(uncertainty)  



Conclusion & Future work
• A whole evaluation framework to fairly compare WSD systems
   http://lcl.uniroma1.it/wsdeval
• To exploit large amounts of unlabeled corpus (->pretrained model)
• To automatically constructing sense-annotated corpus (-

>active/semi-supervised learning)
• Multilingual WSD evaluation (XL-WSD [Pashini, et al, 2021])
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[Personal] Anything else for evaluation?
• A system with uncertainty quantification
• The source of uncertainty:
1) Aleatoric (data): language vagueness; annotation errors; inter-
annotation disagreement (~20% [Chklovski, 2003])
2) Epistemic (model): Different models; OOD
• The tool of UQ
1) Probability Theory, Information Theory 
2) Fuzzy Logic [Kazemi, 2021]
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Q & A
THANK YOU
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Sapienza NLP
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http://nlp.uniroma1.it/



Knowledge-based WSD
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Method Algorithm Knowledge 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



Supervised WSD Exploiting Glosses
• 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]
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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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跨学科

• 定义？与其它相关概念的联系区别，例如：模糊（vagueness），不
确定性（uncertainty），不具指（unspecified）

• 类型：polysemy & homonym & non-literal … ?
• 如何数学建模？

• Computational Lexical Ambiguity
• 检测歧义词汇，并带有合理的“歧义程度”(不确定性衡量)。
• 词义表征 & 评估
• 词义识别 & 去歧义（WSD）& 评估
• 词义建模 & 生成 （generation）& 评估

• 中文/跨语言？词义演变？

语言学

计算机科学

统计&数学



任务的必要性

• 词汇语义是自然语言处理任务的“先修任务”，它往往决定着如何
分词，如何表征词汇（语义）等等。而词汇的表征往往是处理各
个NLP任务的第一道大门。词汇的多义性使得表征这一任务更加
困难。

• NLP任务的可解释性的一大方面是语义理解，而机器对于多义性
词汇的理解程度则是语义理解的重要部分。

• 歧义性是所有语言的通用特征。



任务的可行性

• 可以结合很多语言学知识，例如在定义，评估等方面。多义性也
是普通语言学的重要课题。

• 词汇多义为代表的解释性工作相对较少（？），更加看重模型比
较和分析

• 所耗费资源相对较少。


