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Title ACL Type
DiBiMT: A Novel Benchmark for Measuring Word Sense Disambiguation 

Biases in Machine Translation
Main (Long) WSD

Translation
ExtEnD: Extractive Entity Disambiguation Main (Long) Entity

Nibbling at the Hard Core of Word Sense Disambiguation Main (Long) WSD
Investigating Failures of Automatic Translation in the Case of 

Unambiguous Gender
Main (Long) Translation

Rare and Zero-shot Word Sense Disambiguation using Z-Reweighting Main (Long) WSD
Detection, Disambiguation, Re-ranking: Autoregressive Entity Linking as a 

Multi-Task Problem
Findings (Long) Entity

Sapienza
NLP



Background
• The cause of incorrect translations: semantic biases?
• WSD biases: certain words towards more frequent meanings
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at face value: as true or genuine without being questioned or doubted (Merriam-
Webster.com)



WSD&MT

• WSD: to identify the meaning of a target word in a context.
• Target words: polysemous and homonymous words
                          metaphor, entity, referential words… (more general)
• MFS bias: select the most frequent candidate sense in the training data
                  The words (form) with certain semantics (latent) are long-tailed distributed.
                     It is rational to hypothesize that MT should “know” the different meanings
• Benchmarks have found some correlation between translation errors and MFS bias.
 [Emelin et al. (2020)]
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Related works

Benchmarks:
• ContraWSD (DE    EN)
• Another WSD Test Suit (DE→EN, translation only covers one sense)
• MuCoW (16 language pairs, more than 200K pairs, automatically)

Some investigating disambiguation capabilities by…
• Exploring internal and contextual representations 
• A statistical method for the correlation of sense and translation error 
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Drawbacks

• Not based on entirely manually-curated benchmarks
• Rely heavily on automatically generated resources to determine the 

correctness of a translation
• Not cover multiple language combinations
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Contributions

• DIBIMT: gold-quality test bed with five languages.
• Four novel metrics to better clarify the semantic biases in MT models.
• A thorough statistical and linguistic analysis for 7 SOTA MT systems.

2025-11-30 Paper Sharing 8



Building DIBIMT

• Source (EN): context 
with a polysemous 
target words.

• Target: corresponding 
good and bad 
lexicalization sets in a 
specific language.

  (DE, IT, ES, RU, ZH) 
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Building DIBIMT

1. Sentence Selection Process
2. Annotation
3. Resulting Dataset
4. Analysis Procedure
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Source sentence and corresponding lexicalization

Label: Good or Bad? 

Hit or not?

1

2

3

4
A new translation pair



Building DIBIMT

1. Sentence Selection 
Process
2. Annotation
3. Resulting Dataset
4. Analysis Procedure
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Aim: initial items - � = (�, ��, �)
• Starting Sentence Pool

• Wordnet
• Wiktionary: additional synset mapping   
• Babelnet: synset �

• Sentence Filtering
• Polysemous: 
• Light overhead: one sentence per sense 

per source.
• Target synsets do not have to be 

monosemous.



Building DIBIMT

1. Sentence Selection 
Process
2. Annotation
3. Resulting Dataset
4. Analysis Procedure
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Aim: annotated items - � = (�, ��, �, ��, ��)
• Pre-annotation Item Creation

•  
•     

shot

“drink” synset

“fire” synset

杯ZH；
trago_IT…

Ω

Λ



Building DIBIMT

1. Sentence Selection 
Process
2. Annotation
3. Resulting Dataset
4. Analysis Procedure
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Aim: annotated items - � = (�, ��, �, ��, ��)
• Pre-annotation Item Creation

•  
•     

• Annotation Guidelines
• To update �� and �� by adding new 

good translations or removing improper 
ones (from �� to �� )

• To discard sentences (idiomatic 
expressions, proper noun or insufficient 
to disambiguate target words)



Building DIBIMT

1. Sentence Selection 
Process
2. Annotation
3. Resulting Dataset
4. Analysis Procedure
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Building DIBIMT

1. Sentence Selection 
Process
2. Annotation
3. Resulting Dataset
4. Analysis Procedure
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Low SL: the translation of synonyms is unlikely to be synonym 
(Context is all) 



Building DIBIMT

1. Sentence Selection 
Process
2. Annotation
3. Resulting Dataset
4. Analysis Procedure
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Aim: analyzed items - ��� = (��, ��, �, ��)
• Translate, split and hit

•  �� = �� (�) # translated sentence
• Tokenize, POS, lemmatize of ��
• Any hit: 
    [�]: GOOD (��), BAD (��) and MISS
    [��]: hit word



Experiments

• Comparison systems
   DeepL Translator：a SOTA commercial NMT system
   Google Translate: popular commercial system
   OPUS: smallest (74M) SOTA 
   MBart50: 50 languages (610M)
   M2M100: 100 languages (418M & 1.2B)
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DeepL
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https://www.deepl.com/translator



DeepL
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Results

• Discussion of MISS
• Reason (human inspection on random 

70 samples):
 1) ~19% word omission (ZH ES)
 2) ~11% tokenization (ZH RU)
3) ~5% self-translations
4) ~23% nothing to do with source text 
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General results

• Acc = #GOOD / (#GOOD + #BAD)
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Semantic Biases

• SFII (Sense Frequency Index Influence): index of the target 
synset � in Λ ordered according to frequency in WordNet 

• SPDI (Sense Polysemy Degree Importance): degree of 
polysemy

• Less frequent and more senses will cause more errors.
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error error

shot

“drink” synset

“fire” synset

Ω

20

12



Semantic Biases

• Average error for SFII group and SPDI group.
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Semantic Biases

• MFS+: The frequency that the SFII of a BAD translation is lower 
(more frequent) than that of the target words. 

• MFS: the BAD translation is the most frequent.
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Are verbs harder than nouns?

• In WSD, verbs are generally harder than nouns due to their highly 
polysemous nature [Barba et al. 2021]
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Is the encoder disambiguating?

• If the encoder is the sole contributor 
to disambiguating, the meaning is 
always the same regardless of the 
target language.

• How often do L1 and L2 have a 
synset in common?

• ~70%
• ZH is not as compatible. 
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How challenging is DIBIMT?

• Above is 
ESCHER’s WSD 
accuracy (80.7 on 
WSD ALL v. 
67.84 here).

• NMT models are 
still not on par 
with dedicated 
WSD systems.
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Is this a decoding issue?

• Model Errors: percentage of 
times a model thought its 
BAD translation was better 
than a GOOD one

• Sampling 50 times, how 
often the perplexities meet 
���� > ��푂푂�?

• Most semantic biases are not 
caused by the decoding 
strategy.
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Conclusions

• DIBIMT (5 languages, 7 systems) for measuring and understanding 
semantic biases in NMT.

• Founding: synsets’ lexicalizations cannot be interchangeable.
• Future: high MISS cases; widening language coverage and increasing 

number of sentences.

2025-11-30 Paper Sharing 29



2025-11-30 Paper Sharing 30

Published on ACL’21 



Motivation

• 7% homonymous; 84% polysemous
• Graded/continuous nature: “the boy runs” v. “the cheetah runs”. 

(different mental images)
• Dynamic and context-dependent
• Metrics (model) should meet:

• Criterion 1: Disambiguation
• Criterion 2: Contextual Gradation
WSD only satisfies the first Criterion

• RAW-C: Relatedness of Ambiguous Words – in Context.
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Related work

• De-contextualized Word Similarity and Relatedness
Isolated; for static semantic representations (e.g., GloVe); Only C2
• WSD
Only C1; how meaning modulated within a given sense category? (e.g. run)
• Contextualized Word Similarity and Relatedness (C2)
SCWS (12% the same wordform); WiC (binary classification); CoSimLex
• Contextualized Similarity of Ambiguous Words
One dataset [Haber et al, 2020] C1 & C2, but size limitation and without 
context control
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Contribution

• A dataset satisfying C1 (Disambiguation) and C2 (Contextual 
Gradation)

• With tightly controlled sentence contexts: inflection and POS.

2025-11-30 Paper Sharing 33



Dataset building

• 112 target words inspired by past psycholinguistic studies
• For each word, four sentence (six pairs) are constructed.
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Same-Sense type

H or P?

Same-Sense type: True (1a-1b & 2a-2b) or False (check in a dictionary)
Homonymy or Polysemy? 
According to distinct meaning 1 and 2, refer to Merriam-Webster Dictionary and OED.
NOTE that it is word-specific not semantics-specific.



Statistics
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NOUN VERB ALL

84 28 112



Human Annotation

• Score of relatedness for 
each pair.

• 77 participants to label 
individually.

• 115 * 12 = 1380 items
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1 2 3 4 5



Inter-Annotator Agreement

• To what extent do each participant’s responses correlate with the 
consensus rating by the 76 other participants?

• One v. Mean Relatedness of 76 
• Spearman’s r: �
• Avg: 0.79
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Analysis of Sentence Pairs

• Representation distributions of 
COS distance between target 
words by elmo and bert.

[Looks like bert can distinguish 
two types]
• Two types
• [Confusion] What’s the 

differences of the SAME-sense 
in homo. and poly.?
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More statistical analyses

• Log-likelihood ratio test using lme4 package in R
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Cosine Distance

Same-sense effect

Ambiguity Type

�2(1)=143.72, p < 0.001, statistical effect

�2(1)=2.19, p = 0.14, little to no effect
Is it fair to claim that “their ability 
to discriminate between 
Homonymy and Polysemy was 
marginal at best”?



Analysis of Human Annotations

• Same-Sense type
   p<.001; median 4 (T) v. 1 (F)
• Homo v. Poly type
   p<.001
• Can Cosine Distance explain 

independent variance?
   BERT: [�2(1)=36.19, p<.001]

   ELMo: [�2(1)=16.92, p<.001]
   BERT looks better.
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Evaluation of Language Models

• How Cosine distance relates to the human Relatedness?
Pearson’s r: 0.58 (Bert) 0.53 (Elmo) v.  0.79 (inter-annotator)
• Linear regression between these two terms:
1) �2 (explain the fitness of the curve) 0.37 (v. 0.66 +Two Types; 0.71 All)    

2025-11-30 Paper Sharing 41

2) Residual analysis:
      Underestimate in Same-sense (both Poly & Homo)
      Overestimate in Different-sense in Homo



Conclusion&Discussion

• RAW-C: relatedness judgement; tightly controlled context; Two 
Types

• Primary findings:
1) Representations from both models capture Same-Sense type uses, 

but marginally discriminate Ambiguous type.
2) Distances from both models explain variance in human Relatedness.
3) Given two Types, both models have overestimation and 

underestimation. 
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Future Work

• Meaning or form? [Bender and Koller, 2020] Human fulfill the 
Disambiguation Criterion and the Contextual Gradation Criterion.

• Look to mental lexicon: continuity v. categorical
• How to incorporate high-level sense knowledge into internal 

representations? (SenseBERT）
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