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Two papers 
• To Word Senses and Beyond: Inducing Concepts with 

Contextualized Language Models (EMNLP’24)
• Patterns of Lexical Ambiguity in Contextualised Language Models 

(EMNLP’21)
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Lexical semantics in EMNLP’24
• Using Language Models to Disambiguate Lexical Choices in Translation
• FOOL ME IF YOU CAN! An Adversarial Dataset to Investigate the 

Robustness of LMs in Word Sense Disambiguation
• Can Large Language Models Faithfully Express Their Intrinsic 

Uncertainty in Words?
• Statistical Uncertainty in Word Embeddings: GloVe-V
• Automatically Generated Definitions and their utility for Modeling Word 

Meaning
• Encourage or Inhibit Monosemanticity? Revisit Monosemanticity from a 

Feature Decorrelation Perspective
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EMNLP’24



Background
• Multiplicity of meanings and forms

• polysemy vs. synonymy
• word-centric: WSD (disambiguation) & WSI (Word Sense Induction)
• meaning-centric? 

• from WSI to CI (Concept Induction)
• Concepts: sense/synsets/meaning
• Induction: in an unsupervised manner
• Soft clustering: one word can be assigned to different concept labels
• polysemy: intra-clusters;   synonym: inner-clusters
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Contributions
• Bi-level clustering
• Evaluation of the clustering

• Intrinsic: Compared to WordNet synsets
• Extrinsic: WiC
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Related Work
• lexical resources for concepts: WordNet 
• Word senses with language models: WSD & WSI

• embedding + clustering
• Substitute tokens from LM (Amrami and Goldberg, 2019; Eyal et al., 

2022)
• Structures of Meaning in CLM

• Polysemy vs. homonymy Haber and Poesio (2024)
• hypernymy vs. hoponyms Hanna and Mareˇcek (2021) 
• Automatic WordNet for Filipino Velasco et al. (2023) 
• Other structure: Layer distributions E-2019/CE-2020
• Types of polysemy pattern
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Notations
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1. Sense is word specific: One 
sense maps only one word
2. An occurrence only maps to 
one sense/concept; not vice 
versa
3. Sense is the least nodes for 
concepts (Only be merged, not 
splitted)
4. Occurences corresponding to 
one sense maps only one 
concept
5. Different senses for one word 
must be different concepts



Methods
• Bi-level method

• Local (lemma-centric) clustering: WSI for each word
• Global (cross-lexicon) clustering: Clustering using the averaged local 

representations
• Error by local

• Local only
• Global only
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Experiments
• Data

• SemCor annotated by Wordnet
• 1560 lemmas; 52997 occurrences; 3855 concepts (synsets)
• Full data vs. synsets with multiple words

• Model
• BERT-large + averaged four layers

• Clustering Algorithms
• Kmeans; Agglomerative clustering

• Evaluation
• BCubed metrics motivated by WSI: Precision; Recall; F1

• Baselines
• Lemmas vs. Oracle WSI
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Results
• Bi-level > Global
• Agglo > Kmeans
• Global > Local > baseline 

(In Synon.) 
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Human judgments
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• Cluster size: number of words 
in a cluster

• S+N+R: highly correlated to 
humans



Helpful to WSI
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• Further merged by 
global clustering 

• Correlation with sense 
number



Helpful to WiC
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WiC: Binary classification
Distance from Concept vector



Conclusion
• A local and global complementary view
• Bi-level clustering
• Helpful to tasks of WSI and WiC
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EMNLP’21



Background
• Degraded word sense similarity

• Linguistic observation: homonymy and polysemy
• Correlation between linguistic classification and a similarity score

• Structured polysemic sense
• Metonymic, metaphoric ...
• Different patterns within polysemy (e.g., newspaper)

• Uniform treatment of polysemic sense
• Generative Lexicon

• Similarity and acceptability using co-predication
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Contributions
• A extended dataset built on their previous two work

• More data (target words; contexts)
• Similarity pattern and polysemy types
• Correlation with human annotators

• Within different categories and similarity patterns
• Language models

• varying distances between polysemic word sense
• tentative evidence for similarity pattern within the same type
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Dataset
• 10 types of logical metonymy, each with multiple words
• Each sense has two contexts
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Dataset
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• also include homonymic alternations (e.g., magazine: print 
medium vs. storage type) but no extra info.

• Human labels pair-wise similarity and co-prediction scores



Results
• Similarity and acceptability score distributions for different types
• For different language models (Word2Vec; Elmo; Bert Base/Large)
• Similarity patterns
• Sense clustering
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Human annotations
• 16.5 annotations per item
• IAA: 0.62 Kri
• Similarity
• Acceptability
• High disagreement for 

Polysemy (Bonferroni 
correction)
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Computational Ratings
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• Same-S > Cross-Sense
• Cross-Sense: P > H 

(except for Word2Vec)
     human is more obvious
• Same-S: H > P (except for 

elmo)



Computational Ratings
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R^2: Larger, more goodness-of-fit
contextual > statistic



Correlation
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Similarity patterns across words
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Correlation between 
word pairs in the 
same type

sim: 0.89
co-prediciton: 0.95



Similarity patterns
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pairwise: for each type (same 
alternation of senses)
Overall: Concat each pair before 
the correlation.



Sense clustering
• Whether clustering is similar to the actual patterns?
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Conclusion
• A graded word sense similarity for 28 seminal, lexically 

ambiguous word forms
• Similarity distribution both for human annotators and models
• Analyze the similarity patter for polysemy of different types.
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A local and global view on word senses
• Local: Polysemy
• Gobal: Lexical relations within a lexicon
• Mixed local and gobal: concept space
• How (L)LMs know these knowledge?

• Know: internal representations / Mechanistic Discovery
• How: They can well do it! / Intervention (manipulation)
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Local View
• Rated similarity between different senses (homo. vs. poly.)
• Workshop in Coling

•  CoMeDi: Context and Meaning—Navigating Disagreements in NLP 
Annotations https://comedinlp.github.io/ 

• Two subtasks: predict majority score and disagreement score for WiC
• An extension of Uncertainty work in ACL’23 findings
• Model ensembling to model uncertainty/disagreement
• Competition + Evaluation + Tech paper writing https://arxiv.org/pdf/2411.12147 

• Future Work
• Other lexical factors to influence disagreements; LLMs
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Global View
• Is there any structural features for all the token embeddings in 

LLMs, if yes, anything to do with scaling law?
• 32000 tokens for LLMs of different scales
• Graph construction

• tokens as nodes and similarity as edges
• Strategies to sparify the dense network? (how to keep fair?)
• Any significant differences of graph statistics for models of different 

scales? (connectivity; density...)
• Naunced geometric structures? (word analogy quadrilateral...)
• Ongoing...
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Mixed local and global views
• To construct a (cross-lingual)conceptual space (semantic maps)
• Word-meaning occurrence table
• A graph (concepts as nodes; proximity) meeting:

• Meanings within a word should be connected (bounded by a region) 
(local)

• Multiple related words (global)
• A Top-down Graph-based Tool for Modeling Classical 

Semantic Maps: A Case Study of Supplementary Adverbs
• submitted to ARR
• Future work: more cases to verify the effectiveness.
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Q & A
THANK YOU
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Note
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