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“Ambiguation” in ACL’22

Sapienza
NLP

Title ACL Type

DiBiMT: A Novel Benchmark for Measuring Word Sense Disambiguation Main (Long) WSD
Biases in Machine Translation 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 Main (Long) Translation

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

Multi-Task Problem




Background

 The cause of incorrect translations: semantic biases?

* WSD biases: certain words towards more frequent meanings

ENGLISH - DETECTED CHINESE ENGLISH SPANISH v = CHINESE (SIMPLIFIED)

—

ENGLISH SPANISH N

In this work, we provide evidence showing why the F1 score metric pre EXAT{Ed, RINEHANEHERE M4 F1 SEiSiRTinzEsat <
should not simply be taken at face value. MFEHEEE,

C

Zai zhé xiang gongzud zhong, wémen tigong de zhéngji bidoming weéishéme F1 fénshi
zhibido bl ying gai jidndan de cong bidomian shang kan.

o) 107 / 5,000 o) 0O % <

at face value: as true or genuine without being questioned or doubted (Merriam-—
Webster.com)
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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 1n the training data

The words (form) with certain semantics (latent) are long-tailed distributed.
It 1s 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)]




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

e A statistical method for the correlation of sense and translation error



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



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.



Building DIBIMT

 Source (EN): context He poured a shot of whiskey. @@
Wlth a pOlysemouS v In'ell_-l:]iic-n v, iﬁiﬁ%ﬂ?ge v piﬁfpbrﬂ ' /cTpenck [ 2 HEFE%?H
target WOTdS. chl":uﬁﬁ:;.e% x hjgﬁgﬁﬂé x E}Egﬁs x pgﬂa 6 A :}ﬁ\ﬁs P
[ ) Target: Corresponding GERMAN ITALLAN SPANISH RUSSIAMN CHINESE
good and bad N >
lexicalization sets 1n a ~/ l9/“ 'S'z
specific language. WORDNE A
(DE, IT, ES, RU, ZH) @ S % % U

Wiktionary

The free dictionary
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Building DIBIMT

1 | Source sentence and corresponding lexicalization

1. Sentence Selection Process |
He poured a shot of whiskey. @
2. Annotation - | -
: R W ] Y[V ST P
3. ReSUItlng Dataset Schlﬂckche% x . gmciu% x lragos x ot xp S x

Schuss bicchierino chupito PHOMER /R
4 AnaIYSIS PI’OCCdU,I'e GERMAN /k{ SPANISH RUSSIAN CHINESE
| A 3

o) Label: Good or Bad?

4

A new translation pair Hit or not?
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Building DIBIMT

, Aim: initial items - X = (s, w;, 0)
1. Sentence Selection . Starting Sentence Pool

Process e Wordnet
* Wiktionary: additional synset mapping
* Babelnet: synset o
* Sentence Filtering
* Polysemous:
* Light overhead: one sentence per sense
per source.

* Target synsets do not have to be
monosemous.



Building DIBIMT

2. Annotation

Aim: annotated items - X = (s,w;,0,G;,B;)

e Pre-annotation Item Creation
° gL :-AL((‘T)

* Br=Usen,05)\a A200)

#RZH,
“drink” synset ——  {ra00 IT...

shot —» N

“fire” synset

Q



Building DIBIMT

2. Annotation

Aim: annotated items - X = (s,w;,0,G;,B;)
e Pre-annotation Item Creation
° gL :-AL((‘T)

* Br=Usea,o8)\(0) AL(O)

* Annotation Guidelines
* To update G; and B, by adding new
good translations or removing improper
ones (from G, to B, )
* To discard sentences (1diomatic

expressions, proper noun or insufficient
to disambiguate target words)



Building DIBIMT

3. Resulting Dataset

2025—11-30

# 1tems
# lemmas
# synsets

All  Nouns Verbs

597 314 286
305 186 147
471 254 217

Table 1: General statistics of our annotated dataset.

POS-specific lemmas do not sum to “All” as they can
overlap across POS tags (e.g., run).

Paper Sharing

14



BUlldlng DIBIMT %0G %RG %SL

DE 509 250 597
ES 49.6 195 47.7
IT 49.1 382 67.1
RU 674 573 544
ZH 552 69.0 463

Mean 54.4 41.8 55.0

3. Resulting Dataset Table 2: Annotation Statistics: %OG represents the av-

erage percentage of Good lemmas that are Original, 1.e.,
were added by our annotators; %RG represents the av-
erage percentage of Good lemmas that were Removed,
1.e., lemmas that came from BabelNet and that our an-
notators deemed incorrect in the context of the given ex-
ample; %SL represents the average percentage of times
two senses Share the same set of Lexicalizations for
two different example sentences.

Low SL: the translation of synonyms is unlikely to be synonym
(Context is all)
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Building DIBIMT

Aim: analyzed items - X’,Y’ = (X, t,,R,w;)
* Translate, split and hit
 t, = M, (s) # translated sentence
* Tokenize, POS, lemmatize of t;
. * Any hit:
4. Analysis Procedure [R]: GOOD (G, ), BAD (B,) and MISS
[w ]: hit word



Experiments

* Comparison systems
DeepL Translator: a SOTA commercial NMT system
Google Translate: popular commercial system
OPUS: smallest (74M) SOTA

art50: 50 languages (610M)

M2M100: 100 languages (418M & 1.2B)




DeepL

https: //www .deepl . com/ translator

DeepL# -

45 FEERR
In BE & FEPDF Yy %i  # RS

DeepLEli¥ (E5E5: Deepl Translator) 220178 AU TEERIERNDeepl GmbH (—ZFHLinguee eI HEHAYETHE
VREENERS Y, e T EMENSEIER, INAEREIFLEGoogleBlEE ERE MR,

DeepL BEEEFEIIRNE, BFEFIL, BEmE, #ZE, =5, = (aE) | E0ET
B, B3E, HE &5 2BE 9FE. SAAE. BE ARSE, VEmE BSE,
BEde. Efaets. BoEINE. @5 BndtnEs. s EINE., fAiths. WmiEz|a
RUERIZ, Sit24FhES, 552MMESEAY. BILZoh, DeeplFEHZE PR ESSHERATESE=NER
H, HSARRSHFEEEE, ASEHERS—FES.

DeepLEliF
Deepl Translator

DeeplHFASEEM ERBRMHAI &, FAATREERHEAPIEISEER,
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DeepL

~ Py ’

XiDeepl TranslatorfIR WEREFEAY, TechCrunchitHEIZAERIEERES, FREHGoogleBliFE AR, BMHD!, (HFER) NS
B A E SRS AEEN TR EE NEEAAT Y, FERTL ZEISEM G —E5HE =R, Deepl Translator TER=E3I5E
ET R R T EFRERE....], RZIFR T,

H it E RIS R 23T Deepl TranslatorFEm 7 250F, WEAFHREE (ZLFIB (35: la Repubblica) ) FCRIREEMEEWWWWhat's

[37
newr ],,

KToRT, DeeplSHfE=MhiBil THMRSNE, SFATEE. UDHEHT. AEEHTEFacebookPEIEIR0RIRAMIN - (B =tE IR T
IO SRS T, Bkl S MRSEPIENT 119 EMEN A HHTEE, AERATININEREEHEGHTT
FUE, Hsh, EMEEEEENESERESS, HERKIEBERMY, Deepl Translatorifi8 T 20205 Webby SELEY, L2020 Webby
reABRERE (RZF, Banknes) | AN, BakmEEE,
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Results I.l Il- Il. I.l |llE

DEDDQ.I UllII {msll uua.l DGEII
e Discussion of MISS o
* Reason (human inspection on random “‘i.l. .I. .l. ..I -Il

70 samples):

1) ~19% word omission (ZH ES) gi’::-.. .Il -I. .ll -.I

2) ~11% tokenization (ZH RU)

0.4 %
3) ~5% self-translations " o I I 010 I I 017 . I 018 . I 019 l I :
4) ~23% nothing to do with source text

Dzuull Ulﬁl. {113.. nlzll ﬂﬂgll

0.13
-II III -l. Ill II

B GOOD = BAD = MISS

SNdo

OSUERW

COTWEN

ST1-00TNZWN

2025—11—30 Paper Sharing 20



General results

DeepL| Google M2M100 M2MI100;g MBart50 MBart50pytv OPUS | Mean
DE 74.60 21.90 22.19 26.96 28.73 28.65 27.99 | 33.00
ES 57.87 22.54 25.51 30.00 33.89 32.66 36.66 | 34.16
IT 53.49 18.04 21.83 25.14 29.34 30.54 2995 | 29.76
RU 71.58 22.89 26.22 35.19 36.06 33.33 41.07 | 38.05
/ZH 46.00 15.04 16.99 22.35 31.21 34.15 27.775 | 27.64
Mean | 60.71 20.08 22.55 27.93 31.85 31.87 32.68 | 32.52

» Acc = #GOOD / (#GOOD + #BAD)

2025—11-30 Paper Sharing



Semantic Biases

CITor error
1 1500 1
1500 0.8 0.8
I . 1000 I o -
1000 I I 0.6 I I Il 0.6 %
I ||| 0.4 1H : 0.4 O
< il ol
[ . J . £ Elm . - L. L
U II IIi]lEE-- —H_ 0 Ba_ - - f'} 0 l!=l |IIIIi=_i..i II—-I_ B _.l II- = [“}
0 10 20 30 a0 0 10 20 30 40 |
(a) Sense Frequency Index (b) Sense Polysemy Degree
* SFII (Sense Frequency Index Influence): index of the target “drink” synset 20
synset o in A ordered according to frequency in WordNet o
[
* SPDI (Sense Polysemy Degree Importance): degree of shot — .
polysemy “fire” synset 12
* Less frequent and more senses will cause more errors.
Q
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Semantic Biases

DeepL Google M2M100 M2M100; g MBart50 MBart50nTMm OPUS Mean
SFII. SPDI SFII SPDI SFII SPDI  SFII SPDI SFII SPDI SFII SPDI SFII  SPDI | SFII  SPDI
DE 34.78 28.30 86.61 79.54 82.00 76.15 7890 7471 84.10 73.86 8495 7424 79.85 76.25 | 75.89 69.00
ES 56.04 46.14 83.84 78.41 83.08 7795 79.87 7384 77.13 71.06 79.06 71.57 7485 69.12 | 76.27 69.73
IT 5771 49.01 8547 80.62 B80.22 76.58 78.69 76.10 78.67 7151 7941 6948 8059 7202|7725 70.76
RU 4197 3364 8401 8349 7985 7834 7472 69.69 7386 70.11 78.58 7287 6849 69.27 | 71.64 68.20
7ZH 64.97 59.58 9197 8798 91.81 87.18 88.79 82.17 80.39 73.14 76.59 71.50 79.96 75.66 | 82.07 76.75
Mean | 51.10 4333 86.38 82.01| 83.39 7924 80.19 7530 7883 7194 7972 7193 76.75 7246 | 76.62 70.89
* Average error for SFII group and SPDI group.
2025—11—30 Paper Sharing 23



Semantic Biases

DeepL Google M2M100 M2M100; MBart50 MBart50nTMm OPUS Mean
MFS MFS+ MFES MFS+ MFS MFS+ MFES MFEFS+ MEFS MFS+ MFS MFES+ MES MFES+ | MES MFES+
DE 53.68 8421 5676 86.82 61.28 87.23 59.13 8730 58.89 89.72 5582 8956 5698 8792|5751 &7.54
ES 59.89 8791 6196 89.05 61.81 89.37 61.78 88.03 60.17 91.10 63.09 9185 6447 91.21 | 61.88 89.79
IT 68.08 86.38 61.96 87.23 60.75 86.79 62.82 88.81 6290 87.50 6897 O91.81 6448 89.66 | 64.28 88.31
RU 50.00 83.33 48.12 83.28 47.87 8341 4525 B84.16 4739 8720 4491 8796 4840 84.04 | 4742 84.77
ZH 49.07 88.89 56.05 88.20 59.06 91.34 5935 9245 50.66 89.87 54.17 90.28 51.71 8745 | 5430 89.78
Mean 56.14 86.15 5697 8692 58.15 87.63 57.66 88.15 5600 89.08 57.39 90.29 57.21 88.06 | 57.08 88.04
* MFS+: The frequency that the SFII of a BAD translation 1s lower
(more frequent) than that of the target words.
 MFS: the BAD translation 1s the most frequent.
2025—11—30 Paper Sharing 24



Are verbs harder than nouns?

* In WSD, verbs are generally harder than nouns due to their highly

Accuracy 32.11

JGoMISS

MEFS
MFES+
SFII
SPDI

ALL NOUN VERB

34.15  30.02
38.03 29.36  47.57
57.86  60.13 |52.60
88.68 87.57  88.74
7698  69.16 76.90
70.80  66.86  72.87

polysemous nature [Barba et al. 2021]

2025—11-30
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Is the encoder disambiguating?

* If the encoder 1s the sole contributor
to disambiguating, the meaning 1s
always the same regardless of the

target language.

e How often do L1 and L2 have a

synset iIn common?
* ~70%
* ZH 1s not as compatible.

2025—11-30

Paper Sharing

DE ES |IT RU ZH

0.68 0.68 0.65 0.58
0.69 0.67 0.60
IT 0.68 0.69 0.73 0.61
RU 0.65 0.67 0.73

ZH 0.58 060 0.61 0.52

(a) MBart50

DE ES5 IT RU ZH

Rl 0.73 0.75 0.75 0.67
0.73 ¥l 0.79 0.73 0.70
IT 0.75 0.79 EELE 0.77 0.72
RU 0.75 0.73 0.77 gEMelN 0.61

ZH 0.67 0.70 0.72 0.61 gHy

(c) M2M 100

DE ES IT RU ZH

DE MM 0.66 0.69 0.65 0.56

ES 0.66 el 0.73 0.72 0.60
IT 0.69 0.73 ¥l 0.76 0.61
RU 0.65 0.72 0.76 ¥l 0.54

ZH 0.56 0.60 0.61 0.54 R

(b) MBart50mtMm

DE ES IT RU ZH

Mol 0.72 0.78 0.71 0.68
0.72 ¥yl 0.77 0.72 0.64
IT 0.78 0.77 ¥l 0.73 0.73
RU 0.Y1 0.72 0.73 p¥ul 0.59

ZH 0.68 0.64 0.73 0.59 &

(d) M2M100.6

26



How challenging 1s DIBIMT?

DeepL  Google M2IM  M2IM, g MB MByrv  OPUS | Mean
e Above 1s DE 6686 7104 6585 67.18 6687 6177 6695 | 67.50
ESCHER’s WSD ES 67.89 7276 6677 6686 6537  67.18 66.83 | 67.67
207 IT 66.67 7258 6635 6850 6433 6581 6582 | 67.15
accuracy (80.7 on RU 6676 6955 6642  61.69 6635 6429 6921 | 67.18
WSD ALL v. 7H 6842 7189 6926 6982 6893 6958 69.88 | 69.68
67.84 here). Mean 6732 7156 6693 6801 6637 6693 67.74 | 67.84
 NMT models are
still not on par Deepl. Google M2MI100 M2MI100.G MBart50 MBartSOymy OPUS | Mean
with dedicated DE 7460  21.90 22.19 26.96 28.73 28.65 27.99 | 33.00
WSD systems. ES 5787 2254 2551 30.00  33.89 32.66  36.66 | 34.16
IT 5349  18.04 21.83 25.14 2934 3054 29.95 | 29.76
RU 7158  22.89 26.22 35.19 36.06 3333 41.07 | 38.05
7ZH 46.00  15.04 16.99 22.35 3121 3415 2775 | 27.64
Mean 60.71  20.08 22.55 27.93 31.85 31.87 32.68 | 32.52
2025—11—30 Paper Sharing 27



Is this a decoding 1ssue?

* Model Errors: percentage of
times a model thought its

BAD translation was better

M2MI100 M2MI00;c MBart50 MBartS0ymy OPUS | Mean
than a GOOD one DE 98.00 98.00  92.00 94.00  84.00 | 93.20
ES 100.00 98.00  88.00 90,00  94.00 | 94.00
o Sampling 50 times. how IT 94.00 90.00 86.00 100.00  88.00 | 91.60
) RU 94.00 90.00 98.00 92.00 88.00 | 92.40
often the perplexities meet ZH 96.00 98.00  94.00 98.00  92.00 | 95.60
Peap > pGOOD? Mean 96.40 94.80  91.60 94.80  89.20 | 93.36
* Most semantic biases are not
caused by the decoding
strategy.
2025—11—30 Paper Sharing 28



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.
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Motivation

* 7% homonymous; 84% polysemous

* Graded/continuous nature: “the boy runs” v. “the cheetah runs”.
(different mental 1mages)

* 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.



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




Contribution

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

* With tightly controlled sentence contexts: inflection and POS.

la. He saw a fruit bat.
Ib. He saw a furry bat.
2a. He saw a wooden bat.
2b. He saw a baseball bat.

2025—11-30 Paper Sharing



Dataset building

* 112 target words 1nspired by past psycholinguistic studies
* For each word, four sentence (six pairs) are constructed.

Ia_ -[.-[';3 Sﬂw ﬂfj“ﬂ{lr bat_ bat He saw a furry bat. He saw a wooden bat.

; bat He saw a furry bat. He saw a baseball bat.

lb' HE hﬂw ﬂfurr.}} bat bat He saw a fruit bat. He saw a wooden bat,

2a. He saw a wooden bat. bat e S b o bstiisiian
2b. He saw a baseball bat. i it ki

kat He saw a wooden bat. He zaw a baseball bat.

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 1s word-specific not semantics-specific.
2025—11-=30 Paper Sharing

H or P?

FALSE | Homonymy
FALSE | Homonymy
FALSE  Homeomymy
FALSE | Homonymy
TRUE | Homonymy

TRUE | Homonymy

Same-Sense type

34



Statistics

Ambiguity Type #Words #Sentence Pairs
Homonymy 38 228
Polysemy 74 444

84 28 112




Human Annotation

e Score of relatedness for
each pair.

e 77 participants to label
individually.

* 115 *12=1380 items

2025—11-30

It was a hostile atmosphere.

It was a gaseous atmosphere.

How related are the uses of this word across these two sentences?

1 2 3 4 5
totally not very somewhat very related same meaning
unrelated related related
Continue

Paper Sharing 36



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: p
* Avg: 0.79



Analysis of Sentence Pairs

* Representation distributions of

COS distance between target 111 T
words by elmo and bert.

[Looks like bert can distinguish

two types]

same
FALSE

* Two types Simo < TER A TRUE
* [Confusion] What’s the ‘ . Du_
differences of the SAME-sense o A

in homo. and poly.?

Model

00 02 04 06 08 00 02 04 06 08
Cosine Distance

bat ; He saw-g wooden bat ) He saw a baseball bat. : TRUE: | Homonymy

2025—11—30 Paper Sharing 38



More statistical analyses

* Log-likelihood ratio test using Ime4 package in R

X2(1)=143.72, p <0.001, statistical effect

Same-sense effect

Cosine Distance

Ambiguity Type

Is it fair to claim that “their ability
x%(1)=2.19, p = 0.14, little to no effect 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) /%Z
* Homo v. Poly type

Polysemy
p<.001

* Can Cosine Distance explain
independent variance?

BERT: [x%(1)=36.19, p<.001]

ELMo: [x?(1)=16.92, p<.001] o 12 o34
ean relatedness judgment

BERT looks better.

sdme

FALSE
TRUE

Ambiguity type

Homonymy

2025—11-30 Paper Sharing 40



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) R? (explain the fitness of the curve) 0.37 (v. 0.66 +Two Types; 0.71 All)

2) Residual analysis: S Polysemy came
Underestimate in Same-sense (both Poly & Homo) 3 [ FALSE
Overestimate 1in Different-sense in Homo 2 Homonymy

-2 O 2
Residuals (relatedness ~ ELMo + BERT)



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.



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 )



Thanks
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