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Introduction: Lexical Borrowing

▶ Borrowing: the process of adopting words from one language into another one.

▶ Loanwords: A word that at some point in the history of a language entered its
lexicon as a result of borrowing (or transfer, or copying) (Haspelmath, 2009)

“Best-seller ” “Best-seller”
lexical borrowing

English French

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’)
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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 2026?)

https://wold.clld.org
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ConLoan: Data Collection
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ConLoan: Annotation

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

▶ Is there a loanword in the sentence?

▶ If yes, replace it by with a native
alternative.

▶ Retention of loanwords: If no native
alternative is known, the original
loanword is kept in the sentence.

Given Sentence:
J’ai reçu un e-mail de Jean.

Annotator

Annotated Sentence:
J’ai reçu un courriel de Jean.
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ConLoan: Annotation

Source Target Replacement Suggestions Comments?
Όταν έρθει η ώρα να κοιμηθούν, τοποθετήστε τις 
τσάντες τους στο καρότσι αποσκευών και κυλήστε το 
στο παιδικό <L1>ασανσέρ</L1> που θα τους 
μεταφέρει στα δωμάτιά τους.

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.

ανελκυστήρας 
ασανσέρ

Όταν έρθει η ώρα να κοιμηθούν, τοποθετήστε τις 
τσάντες τους στο καρότσι αποσκευών και κυλήστε το 
στο παιδικό <N1>ανελκυστήρα</N1> που θα τους 
μεταφέρει στα δωμάτιά τους.

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.

Φαίνεται ότι τους διαφεύγει ο δραματικός σχεδόν 
<L1>συμβολισμός</L1> της ενέργειας αυτής.

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

συμβολική 
αναπαράσταση 
συμβολισμός

Φαίνεται ότι τους διαφεύγει ο δραματικός σχεδόν 
<N1></N1> της ενέργειας αυτής.

It seems that they fail to grasp the almost dramatic 
symbolism of this action.
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ConLoan: 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)
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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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model. It reflects how unexpected or unusual a
sentence is, with higher surprisal values often in-
dicating either less probable sentences or limita-
tions in the model’s ability to anticipate predictable
words (Mielke et al., 2019). In the context of our
study, we aim to assess the degree to which an
LLM generalizes to native sentences compared to
counterparts containing loanwords. To that end,
we compute sentence-level surprisal of Meta AI’s
(Touvron et al., 2023) Llama 2.7 model with 7B
parameters, Llama 3.1 with 8B parameters (8-bit
quantized) and EuroLLM (Martins et al., 2025)
with 1.7B parameters by calculating the sum of the
negative log-likelihood of the predicted probabil-
ity distribution as follows:

Surprisalsentence = →
tj∑

i=1

log pθ(xi | x<i)

where tj is the number of tokens in the j-th sen-
tence, xi represents the i-th token in the j-th sen-
tence, and x<i denotes all preceding tokens of xi.6
This is unlike perplexity, which is often computed
by normalizing the negative log-likelihood by the
number of tokens in the corpus and applying expo-
nentiation to obtain a more interpretable scale (Ju-
rafsky and Martin, 2024, p. 40). Our approach
avoids normalization by the number of tokens, en-
suring that the length of a sentence does not dispro-
portionately influence the comparison, particularly
in cases where annotated sentences with native re-
placements result in longer text.

Figure 3 provides sentence-level surprisal re-
sults normalized by the number of sentences per
language given the contrastive sentences in Con-
Loan. Although the surprisal of the model varies
to a small extent in the original and annotated sen-
tences, a trend across languages can be seen where
the model has a lower surprisal given the loan-
words sentences. To assess the significance of sur-
prisal differences, we also conduct a paired t-test
revealing significantly higher surprisal scores for
sentences with native replacements compared to
those with loanwords (t = →4.029, p < 0.01).
Our analysis confirms the same surprisal pattern in
Llama 2.7 with 7 billion parameters and EuroLLM
with 1.7B parameters, as shown in Table D.4 in ap-
pendix.

We believe that this pattern is due to several fac-
tors related to the model’s training data and the na-

6We use natural logarithm unlike Mielke et al. (2019)’s
base-2 logarithm.
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Figure 3: Surprisal (↑) of the Llama 3.1 model (8-
bit quantized) for contrastive sentences in ConLoan.
Sentences containing annotated native alternatives
(ANNOTATED) lead to higher surprisal. This result
demonstrates that LLMs find loanwords more pre-
dictable than native alternatives, even when the latter
are generally more frequent. The same pattern is seen
in Llama 2.7 and EuroLLM-1.7B.

ture of loanwords. First, many of these loanwords
originate from English, which likely serves as a
pivot language in the model’s multilingual train-
ing data. Second, loanwords often appear in spe-
cific, well-defined contexts where they have be-
come the conventional choice, making them more
predictable for the model in these situations. Third,
the widespread use of these loanwords in technical,
academic, and professional discourse means they
are likely well-represented in the text sources typ-
ically used for LLM training. The higher surprisal
of native alternatives, despite their greater overall
frequency, suggests that these words may appear
less natural to the model in contexts where loan-
words have become the established norm.

6.2 Neural Machine Translation
In this task, we evaluate the performance of neural
machine translation (NMT) using these notations:

• xsrc: Source sentence in the original language
containing loanwords.

• xnat: Contrastive annotated sentence in the
original language, semantically identical to
xsrc but containing more native words.

• tsrc: NMT system output in English when xsrc
is provided as input.

• tnat: NMT system output in English when
xnat is provided as input.

• yref: Reference translation of xsrc in English
from the parallel corpus.
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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

Chin
ese
Fre

nch

Germ
an
Gree

k

Ice
lan

dic
Ita

lian

Kurd
ish

Po
rtu

gue
se

Russ
ian
Sp

ani
sh

0

0.2

0.4

0.6

0.8

1

0.
6

0.
83

0.
82

0.
73 0.
75 0.
77

0.
7

0.
82

0.
79 0.
82

C
O

M
ET

Sc
or

e

ORIGINAL

Figure 4: NMT performance in ConLoan using
COMET (→). ORIGINAL refers to sentences containing
loanwords, while ANNOTATED denotes sentences with
loanwords replaced by native alternatives. Translations
of ORIGINAL consistently outperform those of ANNO-
TATED, , indicating neural MT models are better adapted
to loanword usage.

Ideally, a robust NMT system should generate
identical outputs tsrc and tnat for both xsrc and xnat,
regardless of the presence of loanwords or their
native alternatives. However, since the source
sentences are extracted from parallel corpora, it
is expected that an NMT model trained on these
corpora would perform better on the original sen-
tences than on our annotated versions.

For our experiment, we employ the No
Language Left Behind (NLLB) model (Team
et al., 2024) by Meta AI, specifically the
nllb-200-distilled-600M variant available
on HuggingFace. This model, trained on diverse
parallel multilingual data, is used for translation
into English (X↑English). We assess translation
quality using COMET (Rei et al., 2020), based
on the source and the reference from the parallel
corpora along with the hypothesis from NLLB.7
COMET enables a nuanced evaluation by incor-
porating human judgment to assess translation
quality. We also report NMT performance using
BLEU (Papineni et al., 2002)8, comparing tsrc and
tnat to yref, discussed in more detail in Table D.1.

Our experiments, illustrated in Figure 4, show
that NLLB performs less efficiently when translat-

7We use wmt22-comet-da.
8nrefs:1|case:mixed|eff:no|tok:13a|smooth:exp|version:2.4.2

ing sentences with native alternatives compared to
those with loanwords, showing a consistent drop
in COMET scores across all selected languages.
These results highlight the sensitivity of NMT sys-
tems to loanword usage and replacement. They
also align with our surprisal analysis as the con-
sistent pattern across both language modeling and
NMT tasks suggests that current neural models
may be better tuned to handle loanwords, likely
due to their prevalence in multilingual training data
and their consistent usage in specific contexts. The
notably lower performance on Chinese sentences
is likely due to the mixed presence of Cantonese
and Mandarin in the parallel corpora. To verify
this, we evaluate NLLB with two language indica-
tor tokens: Chinese (Traditional, zho_Hant) and
Cantonese (yue_Hant); both yield almost similar
performance.

Reference-free Metrics We further evaluate the
impact of loanwords using reference-free MT met-
rics, which assess translation quality by compar-
ing the translated text directly to the source with-
out requiring reference translations. This approach
is particularly suitable as it eliminates potential bi-
ases introduced by reference translations contain-
ing loanwords. Specifically, we denote M(s, t)
as the score assigned by metric M to translation
t, given its source s. Using English as the source
language and ConLoan languages as targets, we
compute the difference between scores assigned
to translations with loanwords and native alterna-
tives: ∆M = M(yref, xsrc) ↓ M(yref, xnat). We
experiment with four reference-free metrics:

• CometKiwi (Rei et al., 2022), a metric based
on the Info-XLM encoder model (Chi et al.,
2021) used as a baseline in WMT (Freitag
et al., 2023, 2024);

• CometKiwi-XL (Rei et al., 2023) sharing the
same architecture of CometKiwi, but replac-
ing InfoXLM with XLM-R XL (Conneau
et al., 2020);

• XCOMET-QE-XL (Guerreiro et al., 2024)
based on XLM-R XL and belonging to the
XCOMET metric family;

• and MetricX-24-XL (Juraska et al., 2024)
based on mT5-XL (Xue et al., 2021) and
belonging to the MetricX-24 metric family,
which obtained the highest performance at
WMT 2024 (Freitag et al., 2024).

All metrics output scores in [0, 1], except
MetricX-24-XL which uses [0, 25].
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Figure 4: NMT performance in ConLoan using
COMET (→). ORIGINAL refers to sentences containing
loanwords, while ANNOTATED denotes sentences with
loanwords replaced by native alternatives. Translations
of ORIGINAL consistently outperform those of ANNO-
TATED, , indicating neural MT models are better adapted
to loanword usage.

Ideally, a robust NMT system should generate
identical outputs tsrc and tnat for both xsrc and xnat,
regardless of the presence of loanwords or their
native alternatives. However, since the source
sentences are extracted from parallel corpora, it
is expected that an NMT model trained on these
corpora would perform better on the original sen-
tences than on our annotated versions.

For our experiment, we employ the No
Language Left Behind (NLLB) model (Team
et al., 2024) by Meta AI, specifically the
nllb-200-distilled-600M variant available
on HuggingFace. This model, trained on diverse
parallel multilingual data, is used for translation
into English (X↑English). We assess translation
quality using COMET (Rei et al., 2020), based
on the source and the reference from the parallel
corpora along with the hypothesis from NLLB.7
COMET enables a nuanced evaluation by incor-
porating human judgment to assess translation
quality. We also report NMT performance using
BLEU (Papineni et al., 2002)8, comparing tsrc and
tnat to yref, discussed in more detail in Table D.1.

Our experiments, illustrated in Figure 4, show
that NLLB performs less efficiently when translat-

7We use wmt22-comet-da.
8nrefs:1|case:mixed|eff:no|tok:13a|smooth:exp|version:2.4.2

ing sentences with native alternatives compared to
those with loanwords, showing a consistent drop
in COMET scores across all selected languages.
These results highlight the sensitivity of NMT sys-
tems to loanword usage and replacement. They
also align with our surprisal analysis as the con-
sistent pattern across both language modeling and
NMT tasks suggests that current neural models
may be better tuned to handle loanwords, likely
due to their prevalence in multilingual training data
and their consistent usage in specific contexts. The
notably lower performance on Chinese sentences
is likely due to the mixed presence of Cantonese
and Mandarin in the parallel corpora. To verify
this, we evaluate NLLB with two language indica-
tor tokens: Chinese (Traditional, zho_Hant) and
Cantonese (yue_Hant); both yield almost similar
performance.

Reference-free Metrics We further evaluate the
impact of loanwords using reference-free MT met-
rics, which assess translation quality by compar-
ing the translated text directly to the source with-
out requiring reference translations. This approach
is particularly suitable as it eliminates potential bi-
ases introduced by reference translations contain-
ing loanwords. Specifically, we denote M(s, t)
as the score assigned by metric M to translation
t, given its source s. Using English as the source
language and ConLoan languages as targets, we
compute the difference between scores assigned
to translations with loanwords and native alterna-
tives: ∆M = M(yref, xsrc) ↓ M(yref, xnat). We
experiment with four reference-free metrics:

• CometKiwi (Rei et al., 2022), a metric based
on the Info-XLM encoder model (Chi et al.,
2021) used as a baseline in WMT (Freitag
et al., 2023, 2024);

• CometKiwi-XL (Rei et al., 2023) sharing the
same architecture of CometKiwi, but replac-
ing InfoXLM with XLM-R XL (Conneau
et al., 2020);

• XCOMET-QE-XL (Guerreiro et al., 2024)
based on XLM-R XL and belonging to the
XCOMET metric family;

• and MetricX-24-XL (Juraska et al., 2024)
based on mT5-XL (Xue et al., 2021) and
belonging to the MetricX-24 metric family,
which obtained the highest performance at
WMT 2024 (Freitag et al., 2024).

All metrics output scores in [0, 1], except
MetricX-24-XL which uses [0, 25].
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ases introduced by reference translations contain-
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t, given its source s. Using English as the source
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to translations with loanwords and native alterna-
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same architecture of CometKiwi, but replac-
ing InfoXLM with XLM-R XL (Conneau
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Experiments: Loanword Identification

▶ 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-RL: 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. Identifying 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
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Thank you!
Contact: sina.ahmadi@uzh.ch

Resources: https://github.com/ZurichNLP/ConLoan

Questions?
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