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"Bl " T Bl
Donor/Model /Source language Recipient language

> “Many loanwords start out as singly occurring switches that gradually get
conventionalized” (Myers-Scotton, 1997)

» Loanwords are opposed to native words, i.e. words “which we can take back to
the earliest known stages of a language” (Lehmann, 2013, p. 212)

» But then, what is even a native word? (‘disk’, ‘bikini’, ‘mother’)



Motivation

» Loanwords have been studied for decades in historical and comparative linguistics
WOLD - the World Loanword Database containing loanwords in 395 languages
(https://wold.clld.org)
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Motivation

» Loanwords have been studied for decades in historical and comparative linguistics
WOLD - the World Loanword Database containing loanwords in 395 languages
(https://wold.clld.org)

» In NLP/CL, there is a large body of research focusing on loanword identification
(Mi et al., 2020; Nath et al., 2022)
> Many gaps still exist, including:
» Many under-explored fields: constrained decoding in NMT, language education,
low-resourced NLP, code-switching

» = Loanwords in context and across languages esp. for machine translation
> (Ahmadi et al., 2025, ACL 2025) & (Silva and Ahmadi, 2025, LREC 20267)
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ConLoan: Annotation

Create a contrastive dataset where in a given sentence loanwords are replaced
by native alternatives

Given Sentence:
J'ai recu un | e-mail de Jean.

» |s there a loanword in the sentence?

> If yes, replace it by with a native

alternative. Annotator

» Retention of loanwords: If no native
alternative is known, the original
loanword is kept in the sentence. { ~ }

Annotated Sentence:
J'ai recu un | courriel| de Jean.




ConLoan: Annotation

Source

Ortav £€pBel n Wpa va KolunBouv, TOTTOBETATTE TIG
TOAVTEG TOUG OTO KAPATOI ATTOOKEUWYV Kal KUAAOTE TO
oo maidiké <L1>acavaép</L1> mou 6a Toug
UETAQEPEI OTA SWHATIG TOUG.

‘Ortav £€pBel n Wpa va KolunBouv, TOTTOBETATTE TIG
TOAVTEG TOUG GTO KAPOTO! ATTOOKEUWY Kal KUAOTE TO
oro maidiké <N1>aveAkuaTipa</N1> ou Oa Toug
HETAQEPEI OTA SWHATIG TOUG.

Paivetal 6T TOUG BIAPEVYEI O OPAUATIKOS TXEGOV
<L1>cupBoAiopog</L1> Tng evépyeiag auTng.

DaiveTal 0TI TOUG JIOPEUYEI O SPALATIKOS OXEDOV
<N1></N1> Tng evépyelag auTrg.

Target

When it's time to go to sleep, place their bags in the
luggage cart and roll it onto the kid-powered
elevator to bring them to their rooms.

When it's time to go to sleep, place their bags in the
luggage cart and roll it onto the kid-powered
elevator to bring them to their rooms.

It seems that they fail to grasp the almost dramatic
symbolism of this action.

It seems that they fail to grasp the almost dramatic
symbolism of this action.

aveAKUOTHPOG
aocavoép

oupBoAiki
avatapdoTacn
oupBoAIop6g
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ConlLoan: Statistics
» Out of the 16,870 sentences, 56.9% were checked as containing loanwords.
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» Out of the 16,870 sentences, 56.9% were checked as containing loanwords.
» 55.78% of the loanwords are replaced by native non-identical words.
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ConlLoan: Statistics

» Out of the 16,870 sentences, 56.9% were checked as containing loanwords.
» 55.78% of the loanwords are replaced by native non-identical words.
» Native words are more frequent than their loanword counterparts (except for
Chinese)
[0 Loanword [ Native
R~
s

Portuguose——
i

Icelandic
Greek*
Ge,manA

Language

Chinese:

le-08 le-06 1le-04 le-02
Corpus-based Normalized Frequency (log scale)



Experiments: Surprisal
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Experiments: Surprisal

» Surprisal measures sentence unpredictability using language models (Llama 2.7 &
3.1, EuroLLM)

» Higher surprisal = less probable sentences or model limitations
» LLMs show lower surprisal for sentences with loanwords
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Experiments: Neural Machine Translation X—EN
» How does NMT perform on sentences with vs. without loanwords?

0 0 ORIGINAL

1 | I I I I
M N ] I
Q0 0 I~ o o &
S s~ g
S S = 2 I~ o )
i~ A 5 S
S
0.8 s © i
=

o
>

COMET Score
(e}
S

I
o

[en)

e & S &
QX\\QQ@ 606‘ \‘b @\)3@@3 N %QQ



Experiments: Neural Machine Translation X—EN
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» Robust NMT should perform equally on both
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Experiments: Neural Machine Translation X—EN
» How does NMT perform on sentences with vs. without loanwords?

» Robust NMT should perform equally on both
> NLLB translates loanword sentences more efficiently than native alternatives
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Experiments: Loanword ldentification

» Can models identify loanwords when
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04 . . ° :
» Can models identify loanwords when 03 . : . : .
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Experiments: Loanword ldentification

» Can models identify loanwords when
explicitly asked?

» LLMs (Gemini, GPT-4.1, Llama-3):
F1 < 0.50 across all prompts

» Zero-shot encoders: F1 ~ 0 (near
random)

» Fine-tuned XLM-R;: F1 = 0.85

» Models struggle with:

» Code-switching vs. loanwords
> Named entities
» Greco-Latin terminology
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Key Findings

1. This study highlights the need for more comprehensive multilingual resources for
loanword identification and analysis

2. ldentifying loanwords and finding appropriate native replacements is complex,
varying by language and context

3. Current NMT neural models and LLMs are biased towards processing loanwords
more efficiently than native alternatives in some contexts



Thank youl!

Contact: sina.ahmadi@uzh.ch
Resources: https://github.com/ZurichNLP/ConLoan

Questions?
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