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Abstract

Multilingual natural language inference (NLI)
benchmarks are routinely constructed by trans-
lating English datasets into target languages,
based on the assumption that inference rela-
tions between premise—hypothesis pairs are
preserved under translation. This assumption,
however, has rarely been tested empirically at
scale. We investigate this by conducting a
large-scale human annotation study across nine
typologically diverse languages: Arabic, Ger-
man, Spanish, Portuguese, Thai, Urdu, Turk-
ish, Mandarin, and Cantonese. We translated
1,000 English premise—hypothesis pairs, sam-
pled across four linguistically challenging phe-
nomena, and annotated each target-language
version by a native-speaker linguist. Addi-
tionally, a native English speaker annotated
the source pairs under the same protocol, al-
lowing us to distinguish source-label disagree-
ment from translation-induced change. While
agreement between translated-language anno-
tations and the original dataset labels ranges
from 55.1% to 67.4%, agreement with the
native-English annotation ranges from 57.8%
to 64.2%. Entailment and Contradiction fre-
quently shift toward Neutral, but the English
control shows that some apparent drift is al-
ready present in the source items. These results
call into question using transfer of English la-
bels and highlight the need for native-language
annotation in multilingual NLI evaluation.

1 Introduction

Natural Language Inference (NLI) aims to deter-
mine the logical relationship between two pieces
of text. Given a premise p (e.g., The cat is asleep.)
and a hypothesis h (e.g., An animal is asleep.),
the task is to classify their relationship into one
of three mutually exclusive categories: Entailment
(E), where the hypothesis necessarily follows from
the premise; Contradiction (C), where the hypoth-
esis is incompatible (i.e., contradictory) with the
premise; and Neutral (N), where the premise does

not provide sufficient information to infer the truth
or falsity of the hypothesis (MacCartney, 2009).

However, to alleviate the bottleneck of data
scarcity across languages, several NLI datasets,
e.g., XNLI (Conneau et al., 2018), are constructed
by translating high-resource benchmarks (typi-
cally English) into other languages. This approach
assumes that inference relations remain stable af-
ter translation, an assumption that has rarely been
tested empirically at scale. Translation may intro-
duce difficult-to-disentangle shifts in meaning, cul-
tural context, or linguistic structure. The problem
may be exacerbated by machine translation (MT),
which can introduce noise, semantic distortions,
and structural artifacts that alter the intended infer-
ential relations between sentences (Artetxe et al.,
2020; Kabir et al., 2026).

This study aims to investigate this problem un-
der the broad question: Are NLI labels preserved
under MT into other languages? Or do these re-
lations undergo label drift as a consequence of
translation? We address this question through a
large-scale empirical analysis of cross-lingual la-
bel stability across Arabic, German, Spanish, Por-
tuguese, Thai, Urdu, Turkish, Mandarin, and Can-
tonese. We also compare inter-language drift to
intra-language drift to be able to distinguish anno-
tator drift from translation drift.

2 Related Work

Translating English NLI datasets into target lan-
guages while preserving the original labels has
been a central methodology in multilingual NLI
research. For instance, Agi¢ and Schluter (2018)
were among the early adopters of this approach by
manually translating 1,332 English test pairs into
Arabic, French, Spanish, and Russian. They then
verified whether the original inferential relations
still held true after translation. Their findings show
that automatically translated test sets fell short of
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performance on manually translated data by an av-
erage of 2.57%, with Arabic showing considerably
larger degradation than French or Spanish, which
is an early signal that translation quality is not uni-
form across languages.

The XNLI benchmark by Conneau et al. (2018)
established this translation-based methodology at
scale by extending MultiNLI (Williams et al.,
2018) to fifteen languages through professional
translation of development and test sets while di-
rectly transferring original English labels. To es-
tablish baselines, they built two datasets by ma-
chine translating the English training data into tar-
get languages (Translate Train) or by translating
test-time input sentences back to English at infer-
ence time (7Translate Test). Even though their val-
idation study revealed minimal label drift, where
bilingual annotators recovered the original English
consensus label 85% of the time on the source data
and 83% on French translations, performance var-
ied sharply across languages, with accuracy drop-
ping from 73.7% on English to as low as 59.3%
on Urdu under Translate Test. This approach has
been extended by subsequent multilingual NLI re-
sources. E.g., IndicXNLI (Aggarwal et al., 2022),
Myanmar XNLI (Htet and Dras, 2025), Croatian
XNLI (Obadié¢ et al., 2023), and XNLIeu (Heredia
et al., 2024) all hinge, to varying degrees, on trans-
lation or post-editing. However, findings across
these studies are mixed. IndicXNLI reports high
label fidelity, with 82% error consistency between
human and MT. The remaining studies identify
systematic problems such as mistranslation, polar-
ity shifts, omitted information, lexical ambiguity.

These studies show that label stability in mul-
tilingual NLI is neither uniform nor guaranteed.
This is further corroborated by Budur et al. (2020),
who demonstrate that even when majority-level
consistency exceeds 95%, a residual inconsistency
rate of 10-15% persists, owing to lexical mis-
matches or language-specific grammatical require-
ments disambiguating information. Bui et al.
(2025) further show that the direction of transla-
tion matters, i.e., when Vietnamese served as the
source language, Vietnamese-English pairs yield
higher translation quality and stronger downstream
NLI performance than Vietnamese-Chinese pairs.
Additionally, Rajaee et al. (2025) demonstrate
that cross-lingual stability varies across transla-
tion pipelines, and that translation reliability can
be contingent on both the task and the target lan-
guage. In combination, prior work shows that

translation can affect multilingual NLI reliability,
but the field still lacks a large-scale, cross-lingual
study that directly tests label stability through hu-
man re-annotation across multiple languages and
linguistically controlled phenomena.

3 Data and Annotation

3.1 Data Sources

For our evaluation dataset, we sampled 1,000 En-
glish sentence pairs by drawing 200 pairs from
each of five established NLI resources: MultiNLI
(Williams et al., 2018), ANLI (Nie et al., 2020),
WANLI (Liu et al., 2022), NLI Fever (Nie et al.,
2019), and LingNLI (Parrish et al., 2021). Each
of these 1,000 pairs was selected to represent one
or more linguistic phenomena known to compli-
cate semantic interpretation and inference. These
phenomena are conditionality (300 instances), in-
tensionality (300 instances), modality (300 in-
stances), and comparative constructions (100 in-
stances) (MacCartney, 2009; Richardson et al.,
2019; Haruta et al., 2020).

Each of these phenomena introduces a distinct
source of inferential complexity. Conditional con-
structions make Entailment contingent on hypo-
thetical antecedents (Adams, 1965), intensionality
shifts evaluation from real-world referents to hypo-
thetical contexts (Liefke, 2024); modality weakens
the strength of assertion through expressions of ne-
cessity or possibility (Moltmann, 2020); and com-
parative constructions introduce scope ambiguities
that affect what can be entailed from a premise
(Haruta et al., 2022).

Stratifying the four phenomena was rule-based.
We identified candidate conditional items using
lexical markers such as if and when. For inten-
sional candidates, we curated a list of predicates
such as believe, know, try, and want, and for modal-
ity we used modal auxiliaries and related expres-
sions. Finally, comparative/quantifier scope used
cues such as more, less, few, at least, and related
scalar expressions within the same clause. These
rules constitute retrieval heuristics, and each pair
was assigned to a single phenomenon: hence la-
bels should not be interpreted as indicating that an
item contains only one phenomenon.

3.2 Machine Translation

We then translated this dataset into nine target lan-
guages using the GPT-40-mini API, which we se-
lected after preliminary testing showed that several
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Language E% N% C% Valid Excl. Total
AR 23.93 54.07 22.00 982 18 1000
CN 41.17 32.08 26.75 957 43 1000
DE 32.42 43.94 23.64 990 10 1000
EN 40.12 33.33 26.55 987 13 1000
ES 26.29 50.72 2298 966 34 1000
PT 3545 33.71 30.84 976 24 1000
TH 41.27 28.48 30.25 962 38 1000
TR 39.98 35.17 24.86 873 127 1000
UR 41.07 32.29 26.64 991 9 1000
ZH 37.29 4375 1896 944 56 1000

Table 1: Distribution of human NLI annotations by tar-
get language. Percentages are calculated over valid an-
notations only.

other models such as seamless-m4t-v2-large (Bar-
rault et al., 2023), NLLB-200 3.3B (Costa-Jussa
etal., 2022), and Qwen2-72B-Instruct (Yang et al.,
2024) produced translation artifacts and unaccept-
able hallucination rates. No post-editing was per-
formed prior to annotation.

3.3 Human Annotation

To ensure a high quality of annotation, for each
target language, the translated pairs were anno-
tated by a native speaker with formal training in
linguistics using standard NLI guidelines. Each
annotator was instructed to judge inference rela-
tions based solely on the translated text, without
access to the original English sentences, original
labels, or the four linguistic phenomena. Labels
included Entailment, Contradiction, Neutral, and
a reserved NonSense category for cases where the
annotators found the translation incoherent or unin-
terpretable. The annotations were carried out via a
web-based annotation interface. Before the anno-
tations, annotators completed a calibration phase
where the label definitions and representative ex-
amples were discussed. Annotators proceeded in
self-paced sessions, which included periodic spot
checks. Data-related questions answered with-
out revealing the source labels. A native English
speaker re-annotated the 1,000 source pairs under
the same protocol. Of'the 1,000 pairs, 987 received
a valid E/N/C judgment by the English annotator,
and agreement with the original dataset label was
63.0% (k = 0.44).

Table 1 reports the label distribution across lan-
guages after excluding NonSense annotations. We
will use the term original dataset labels to re-
fer exclusively to the NLI labels assigned to the
original English sentence pairs. We use native-

English annotation for the monolingual control
and translated-language annotation for target-
language judgments. All data used in the study and
annotation guidelines are publicly available.!

3.4 NonSense Annotations

Among the 9,000 translated pairs, 359 (4.0%) were
labeled as NonSense. Urdu has the lowest rate of
pairs judged as NonSense (0.9%), whereas Turkish
has the highest (12.7%), followed by Cantonese
(5.6%) and Mandarin (4.3%). Conditionality con-
tributes 164 of the 359 exclusions and has the high-
est phenomenon-level rate (6.1%); the rates for
comparatives/quantifier scope, intensionality, and
modality are 3.7%, 2.8%, and 3.2% respectively.
Note that NonSense does not uniquely diagnose
translation failure. Some excluded examples are al-
ready malformed at source. For instance, one pair
has the English hypothesis “Third World debt has a
xx.” Other instances show recognizable translation
corruption, e.g., in Turkish, “cork floors” becomes
“sponge floors.” We therefore exclude NonSense
from the agreement estimates.

4 Methodology

4.1 Evaluation Framework

We adopt a multi-dimensional framework to eval-
uate label stability cross-linguistically under MT:
Every translation is compared against two English
references: (i) the original dataset label and (ii) the
independent native-English annotation. Under this
framework, we distinguish between label preserva-
tion, semantic drift, and annotation uncertainty as
follows:

Label preservation measures the extent to
which English-reference labels are preserved after
translation using exact agreement (accuracy), Co-
hen’s k, and multiclass Matthews correlation coef-
ficient (MCC).

Cross-language label divergence evaluates
agreement among language annotations using pair-
wise agreement, full-agreement and disagreement
rates, and agreement with each of the two English
references: the original dataset label and the native-
English annotation.

Per-label stability isolates which NLI classes
are most vulnerable to drift by examining per-class
recall across languages.

Label Transition Dynamics models semantic
drift by analyzing how labels change from each of

"https://github.com/Muhsabrys/NLI10
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Figure 1: Agreement between translated-language human annotations and two English references.

the two English baselines, i.e., the original dataset
label and the native-English annotation, to the
translated-language human annotation. It specif-
ically examines whether transitions between label
classes are directionally biased rather than symmet-
ric.

Phenomenon-driven drift focuses on whether
the divergence of labels is associated with either
of the four linguistic phenomena by comparing hu-
man label-change rates under both English refer-
ences.

Systemic vs. language-specific drift assesses
whether drift patterns are stable across languages
by computing the variance of evaluation metrics,
where low variance indicates systemic rather than
language-specific effects.

Model-human agreement uses three pre-
trained multilingual NLI models (mDeBERTa,
XLM-R, and MiniLM) and an English-supervised
DeBERTa-v3-large baseline as diagnostic tools to
assess whether systems that are trained for NLI
assign the same labels as human annotators. Na-
tive English annotations serve as a matched mono-
lingual comparison (rather than the upper bound).
Since the DeBERTa checkpoint was fine-tuned on
the same five source NLI datasets, it is treated as a
descriptive zero-shot transfer baseline.

Together, these metrics capture not only whether
labels change, but how and under which conditions
such changes do occur.

5 Results and Analysis

5.1 Label Preservation

This dimension compares the labels assigned to the
translated sentence pairs with both English refer-
ences. Figure 1 reports exact agreement across the

Original dataset label Native-English annotation
Language n Agr. K  MCC n  Agr. k MCC
AR 982 .674 484 489 972 587 381 403
CN 957 .551 327 334 945 623 426 426
DE 990  .669 .489 490 980 .624 432 437
ES 966 .634 424 426 955 .621 431 449
PT 976  .652 477 483 966 .642 460 462
TH 962 599 .404 417 951  .626 431 432
TR 873  .647 465 472 862  .622 422 423
UR 991 565 .348 356 980 .628 433 433
ZH 944 557 316 319 933 578 354 359
Mean 960 .616 415 421 949 617 419 425

Table 2: Exact agreement (Agr.), Cohen’s «, and multi-
class MCC under the two English reference conditions.

target languages. It shows that translated pairs of-
ten receive labels different from the English labels.

Agreement with the original dataset labels
ranges from a high of 67.4% for Arabic to a
low of 55.1% for Mandarin, with a mean of
61.6%. Agreement with the native-English anno-
tation ranges from a high of 64.2% for Portuguese
to a low of 57.8% for Cantonese, with a mean of
61.7%. These figures indicate meaningful categor-
ical divergence from both English references.

Table 2 reports chance-corrected Cohen’s x
and multiclass Matthews correlation coefficient
(MCC). The same pattern appears under both met-
rics: mean k is 0.415 against the original labels and
0.419 against the native-English annotation; mean
MCC is 0.421 and 0.425 respectively. These mea-
sures supplement exact agreement by accounting
for the three-class label distribution.

5.2 Cross-language Label Divergence

This evaluation is concerned with whether the
same English premise—hypothesis pairs receive
convergent NLI labels when translated into differ-
ent languages. Since each target language was la-
beled by a single annotator, the agreement mea-
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Figure 2: Pairwise raw agreement among the native-
English (EN) and 9 translated human annotations.

sures do not refer to agreement among multiple an-
notators within the same language. Figure 2 shows
that pairwise agreement among the nine translated-
language annotations ranges from 55.1% to 68.6%,
with a mean of 62.4%. Pairwise agreement be-
tween the English annotator and each translated-
language annotator ranges from 57.8% to 64.2%.

Full cross-language convergence is much lower:
among the 750 items with valid E/N/C judgments
in all nine translations, all nine annotators select
the same relation for only 123 items (16.4%). This
pattern indicates that translated versions of the
same source item often lead to different NLI judg-
ments across languages; however, the remaining
83.6% should not be interpreted as a per-language
error rate.

5.3 Per-label Stability

Next, we investigate which source relations are
most susceptible to change. Figure 3 reports la-
bel recall under both references. Against the orig-
inal dataset labels, aggregate recall is 71.8% for
Entailment, 56.8% for Neutral, and 58.7% for Con-
tradiction. Against the native-English annotation,
the corresponding values are 63.3%, 62.2%, and
58.5%. Contradiction is therefore least stable un-
der the English-human baseline, whereas Neutral
is slightly less stable than Contradiction under the
original-label baseline.

Language-level profiles are also heterogeneous,
e.g., original-label Neutral recall is 78.3% in Ara-
bic but 43.3% in Thai, while native-English Con-
tradiction recall ranges from 42.1% in Cantonese

Phenomenon Orig. (%) Native (%) A

Comparatives / quant. scope  32.8 334 +0.6
Conditionality 38.4 43.0 +4.6
Intensionality 39.5 374 2.1
Modality 39.1 36.4 -2.7

Table 3: Human label-change rates by sampling phe-
nomenon and English reference.

to 70.0% in Portuguese. Hence, it is not the case
that a single relation is uniformly fragile in every
language; label sensitivity interacts with both lan-
guage and the choice of English reference.

5.4 Label Transition Dynamics

Figure 4 reports aggregate transition matrices for
both references. Against the original dataset la-
bels, 21.0% of Entailment and 30.3% of Contra-
diction cases move to Neutral; 56.8% of Neutral
cases remain Neutral. Against the native-English
annotation, the corresponding transitions to Neu-
tral are 28.0% and 28.6%, while Neutral stabil-
ity rises to 62.2%. The tendency toward Neutral
therefore survives the monolingual control, but its
magnitude and the apparent vulnerability of each
source class change with the reference. Neutral
cases also move outward: under the native-English
baseline, 19.5% become Entailment and 18.3% be-
come Contradiction. Translation can thus weaken
or strengthen inferential commitment rather than
operating in only one direction.

5.5 Phenomenon-driven Drift

Table 3 presents label-change rates for the four
linguistic phenomena under both English refer-
ences. Overall, the rates vary across phenom-
ena rather than being concentrated in a single cat-
egory. Under the original-label reference, drift
ranges from 32.8% for comparatives/quantifier
scope to 39.5% for intensionality. Under the
native-English reference, it ranges from 33.4% for
comparatives/quantifier scope to 43.0% for condi-
tionality. Conditionality has the highest overall
drift rate under the native-English reference, while
comparatives/quantifier scope has the lowest rate
under both references. This pattern suggests that
translation-induced label drift is shaped by specific
semantic phenomena, but the strength of this as-
sociation varies by reference, language, and phe-
nomenon. The detailed language-by-phenomenon
breakdown is reported in Appendix B.
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Figure 4: Row-normalized transitions from each English reference to the translated-language human annotation,

aggregated across nine languages.

Metric Mean Std. Dev. CV

Original agreement 0.616 0.049 0.080
Original macro recall 0.624 0.045 0.073
EN-human agreement 0.617 0.020 0.033
EN-human macro recall ~ 0.613 0.023 0.037

Table 4: Cross-lingual variability of evaluation metrics.

5.6 Systemic vs. Language-specific Drift

We next examine whether label instability is con-
centrated in particular target languages or reflects
a broader cross-lingual pattern.

Table 4 summarizes variation in exact agree-
ment and macro-averaged recall across languages
under both English references. Cross-language
variation is modest under both conditions and
is smaller when the native-English annotation is
used: the coefficient of variation falls from 0.080
to 0.033 for exact agreement and from 0.073 to
0.037 for macro recall. The exact-agreement lan-
guage rankings under the two references are also
weakly correlated (Spearman’s p = 0.033), which

indicates that the choice of English reference sub-
stantially changes the relative ordering of lan-
guages. Nevertheless, label instability remains
present across all nine translations.

5.7 Model-human Agreement

To investigate whether NLI models assign the
same labels as human annotators when evaluated
on the translated pairs, we evaluated the outputs of
four pretrained NLI models, namely, mDeBERTa-
v3-base, XLM-R-large-XNLI, MiniLMv2-L12,
and DeBERTa-v3-large’. The first three are
multilingual while DeBERTa is included as an
English-supervised, source-dataset-matched base-
line. mDeBERTa is especially valuable as a diag-
nostic tool because it was fine-tuned on a multi-
lingual NLI mixture derived in part from the same
five English benchmarks from which our evalua-
tion sample is drawn. If translation-invariant infer-
ence were stable, a model trained under these con-

"Hugging Face model cards:
MiniLM, and DeBERTa-v3-large.

mDeBERTa, XLM-R,
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Language n  mDeBERTa XLM-R MiniLM  DeBERTa (EN-sup.)

Acc. F1  Acc. F1  Acc. F1  Acc. F1
Arabic 982 0.674 0.654 0.441 0.435 0.388 0.376 0.523 0.492
Chinese CN 957 0.582 0.575 0.544 0.533 0.476 0.459 0.539 0.541
German 990 0.664 0.653 0.488 0.486 0.422 0.418 0.687 0.687
Spanish 966 0.649 0.642 0.491 0.493 0.410 0.406 0.684 0.686
Portuguese 976 0.615 0.612 0.510 0.503 0.436 0.428 0.662 0.663
Thai 962 0.616 0.610 0.556 0.536 0.469 0.453 0.361 0.353
Turkish 873 0.640 0.632 0.482 0.462 0.431 0.416 0.528 0.527
Urdu 991 0.580 0.570 0.529 0.518 0.459 0.444 0.410 0.407
Chinese ZH 944 0.583 0.566 0.503 0.488 0.456 0.436 0.543 0.539
Target mean — 0.623 0.613 0.505 0.495 0.439 0.426 0.549 0.544
English control 987 0.609 0.606 0.562 0.553 0.492 0.491 0.648 0.649

Table 5: Model-human agreement against the independent human annotation for each language. Target mean is the
unweighted mean over the nine translations; English is shown separately as a matched monolingual comparison.
F1 is macro-averaged over E/N/C. Bold numerical values indicate the highest score in each row for each metric.

ditions should show strong agreement with human
annotations of the translated pairs. For each tar-
get language, we compare each model’s predicted
label for the translated pair against the human an-
notation assigned to that same pair. NonSense and
otherwise invalid human labels are excluded, leav-
ing 8,641 target-language pairs. We also report per-
formance against the 987 valid native-English an-
notations as a matched monolingual comparison.

Table 5 reports exact agreement and macro-
F1; its target-language mean gives every language
equal weight. The table shows that mDeBERTa
achieves the highest mean agreement with human
annotations, with 0.623 accuracy and 0.613 macro-
F1, outperforming XLM-R (0.505), DeBERTa-v3-
large (0.549), and MiniLM (0.439). Its strongest
agreement appears in Arabic (0.674), German
(0.664), and Spanish (0.649), while Urdu and
the two Chinese varieties show the lowest agree-
ment. Notably, against the native-English annota-
tions, mDeBERTa reaches 0.609 agreement, while
DeBERTa-v3-large reaches 0.648, XLM-R 0.562,
and MiniLM 0.492.

This matched comparison uses the same hu-
man reference condition for English and the trans-
lated languages rather than mixing original-label
English accuracy with translated-human agree-
ment. For the 987 valid English items, the
English-supervised DeBERTa agrees with the orig-
inal dataset labels in 92.2% of cases but with the
native-English annotations in 64.8%. Among the
365 cases where the original and native-English
labels differ, the model follows the original la-
bel in 314 cases (86.0%), the native-English la-

bel in 44 cases (12.1%), and the third label in 7
cases (1.9%). This strong source-label alignment
may reflect learned source-dataset conventions, ar-
tifacts, or exact item exposure; without source-
split provenance, these possibilities cannot be sepa-
rated. The English-supervised DeBERTa-v3-large
model’s English-to-target difference (0.648 versus
a 0.549 target mean) needs to be interpreted de-
scriptively rather than as a causal effect of trans-
lation or multilingual training.

Figure 5 reveals that a major source of model—
human disagreement involves the Neutral label.
For mDeBERTa, 26.6% of human Entailment and
34.1% of human Contradiction cases are predicted
as Neutral, and the English-supervised DeBERTa
shows a similar tendency. This mirrors the drift
pattern observed in the human annotation analysis
for these two models, although the DeBERTa pat-
tern must also be considered in light of its source-
label alignment. In contrast, XLM-R and MiniLM
frequently predict Entailment for cases annotated
as Neutral by humans; only 37.2% and 34.4% of
their human Neutral cases, respectively, remain
Neutral. The four models therefore do not exhibit a
uniform tendency to weaken determinate inference
relations toward Neutral.

5.8 Qualitative Evidence

In addition to assigning NLI labels, annotators
were asked to document observations about the
translated pairs. These notes, cross-referenced
with original dataset labels and phenomenon tags,
reveal several recurring sources of drift that cut
across languages. To begin with, several modal ex-
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Figure 5: Aggregate confusion matrices over 8,641 target-language pairs.

pressions were found to shift inferential strength af-
ter translation. For instance, in some Arabic trans-
lations, the weaker English modal should was ren-
dered as C)T % (vajibu an, meaning “must” or
“have to”). This translation makes the hypothe-
sis express a stronger requirement than the English
version. Consequently, a premise that supports
what should occur may not entail what must oc-
cur, changing the relation from Entailment to Neu-
tral. In other cases, the surface form of a modal
negation was preserved after translation whereas
its rhetorical force was lost, which led annotators
to assign a Contradiction label to pairs that were
originally Entailment. In contrast, in Urdu, expres-
sions of possibility, uncertainty, or risk such as
could, might, and may were rendered as stronger
declarative constructions, which resulted in anno-
tating Neutral pairs as Entailment or Contradic-
tion. A similar pattern was also observed in Turk-
ish. English modals such as can, and could are
typically rendered using the auxiliary Turkish —
(v)Abil, which may indicate possibility, ability,
and requesting or suggesting something. In addi-
tion, due to the extensionality of —(y)A4bil structure,
the premises and hypotheses that include one of
these English modal verbs are annotated in vari-

ous ways unless there are other indicators of the
intended meaning.

Another language-specific interpretation has
been observed with declarative sentences, which
are translated to Turkish by using the generalizing
modality marker -DIr. Besides being used for defi-
nitions and scientific facts, the generalizing modal-
ity marker -DIr in Turkish may indicate certainty
and predictability. As a result of this contradictory
nature of the marker, the premises and hypotheses
that involve -DIr in Turkish showed mismatches in
the label assignment.

Further, expressions with conditional construc-
tions exhibited a related pattern across target lan-
guages. That is, hypothetical or preventive sen-
tences were reinterpreted as deterministic and def-
inite outcomes. Additionally, in intensional con-
texts, potential or planned actions were altered into
a more concrete and factual sense.

Interrogative constructions were also found to
present common challenges. In Thai, for instance,
English rhetorical questions were rendered as gen-
uine questions, and tag questions were softened by
target-language markers. Both issues changed the
inferential weight of the premise and hence shifted
labels away from the English reference.
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Other contributors to label drift were both reg-
ister inconsistency and structural divergence. For
instance, in Cantonese translations often shifted be-
tween Standard Written Chinese (Zi7E) and ev-
eryday spoken Cantonese, with only some items
using colloquial markers such as Mg, WE, W%, and
{&. This register inconsistency sometimes made
the premise and hypothesis feel stylistically mis-
matched. In addition, because Cantonese does
not require articles, plural marking, or tense mark-
ing, English contrasts such as the vs. a, singular
vs. plural, and past vs. present were often lost or
marked inconsistently. As a result, some premise—
hypothesis pairs became semantically underspec-
ified, especially when the label depended on co-
reference, number, or temporal interpretation. Fur-
ther, inconsistent transliteration of named entities
across premises and hypotheses compounded the
problem of assigning labels when co-reference was
key in making a decision.

Lexical drift was another factor that led to la-
bel instability. In German, for example, there
were instances where the translation of poly-
semous expressions introduced semantic shifts,
which changed the inferential relationship between
the premises and hypotheses. For instance, the
English word Gemini was rendered as Zwilling,
which can also mean twin. Similarly, the word sin-
gle was translated as ledig, which strictly means
unmarried, rather than “not in a relationship.”
Also, the mapping between the German equiva-
lents of if and when is not homomorphic. Even
though both terms show considerable overlap in
usage, they do not translate directly, which intro-
duced conditionality-related shifts in the inference
relation.

Furthermore, in Spanish for instance, inten-
sional predicates such as believe, know, and try
produced label instability when subtle lexical or as-
pectual differences altered the interpretation of em-
bedded events. In addition, some comparative con-
structions became semantically underspecified, es-
pecially in cases involving negation or scalar inter-
pretations. Similarly, in Urdu, scalar expressions
such as at least and more than underwent slight se-
mantic shifts that changed the inferential relation-
ship between premise and hypothesis despite sub-
stantial lexical overlap.

Taken together, these notes identify recurring
candidate sources of label change that appear
across several languages and sampling strata. Be-
cause each language was judged by one annotator

and the examples were not independently adjudi-
cated, we treat these observations as qualitative hy-
potheses rather than estimates of how often each
mechanism occurs.

Appendix C provide more examples of label
drift under translation.

6 Conclusion

This study investigated whether MT preserves NLI
inferential relations across nine typologically di-
verse languages. We sampled 1,000 sentence pairs
from five NLI benchmarks, translated them using
GPT-40-mini, and annotated each target language
set by a linguistically trained native speaker. A
native-English speaker annotated the same source
pairs under the same protocol. Each sentence pair
contained one of four linguistic phenomena that
are known to complicate Entailment judgments.
Agreement with the original dataset labels ranges
from 55.1% to 67.4%, while agreement with the
native-English annotations ranges from 57.8% to
64.2%. Complete nine-language convergence is
16.4% on the 750 items with valid annotations
in every translation, while mean pairwise agree-
ment is 62.4%. Entailment and Contradiction judg-
ments are frequently redirected toward Neutral, al-
though the English control shows that some ap-
parent instability is already present in the source
items. Conditionality has the highest label-change
rate under the native-English reference, while com-
paratives/quantifier scope has the lowest rate under
both references. The model analysis also shows
that model-human errors differ by classifier rather
than following a single direction.

These results challenge the assumption that syn-
thesizing multilingual NLI datasets by means of
machine-translating English benchmarks yields re-
sources that are reliable for cross-lingual evalua-
tion. Future work therefore needs to place greater
emphasis on human validation, phenomenon-
aware analysis, and alternative dataset construc-
tion strategies that do not rely exclusively on pro-
jected English labels.

Limitations

First, each language, including English, was anno-
tated by one native speaker. Calibration and spot
checks improve protocol consistency but cannot es-
timate within-language inter-annotator agreement
or separate an annotator-specific preference from
a language-level effect. Multi-annotator adju-
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dication is therefore the highest-priority valida-
tion step, and claims in this paper are framed as
annotation-set differences rather than population-
level judgments for each language.

Second, all translations were generated by
GPT-40-mini without post-editing. The observed
changes may reflect this specific LLM-based trans-
lation pipeline, and the present study cannot de-
termine whether the same patterns would occur
with another MT system or with professional hu-
man translation. A controlled comparison using
additional systems or a human-translated subset re-
quires new target-language judgments and remains
future work.

Third, the corpus intentionally oversamples dif-
ficult semantic phenomena. The English reannota-
tion controls for some inherent source-item insta-
bility, but a single English annotator cannot fully
characterize monolingual ambiguity.

Fourth, our original dataset is sampled from five
different datasets, which means five different anno-
tation processes and instruction. Thus, it is likely
that the original labels are already show label drift.

Finally, the sample may not generalize to all
genres or domains represented in larger NLI
benchmarks. NonSense labels also combine mal-
formed source items, incoherent translations, and
difficult-to-interpret pairs; without adjudication,
their causes cannot be cleanly separated.
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A Preliminary Model Diagnostic

Before collecting the matched human annotations, we tested mDeBERTa-v3-base-xnli-multilingual-nli-
2mil7* on 5,000 pairs from an Arabic MT version of LingNLI.> Comparing model predictions with the
original English labels yielded 58.14% exact agreement and 57.63 macro-F1, with many errors involving
Neutral (as illustrated in Figure 6). This diagnostic motivated the human study but cannot distinguish
model error from translation-associated change.

Model Predictions vs. Original Gold Labels
Gold-label agreement = 0.5814
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Figure 6: Preliminary Arabic LingNLI diagnostic with mDeBERTa.

“https://huggingface.co/MoritzLaurer/mDeBERTa-v3-base-xnli-multilingual-nli-2mil7
Shttps://huggingface.co/datasets/MoritzLaurer/multilingual-NLI-26lang-2mil7
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B Language-by-Phenomenon Detail

Table 6 reports the target-language count, excluded NonSense count, exact preservation under each En-
glish reference, and the most frequent non-stable transition under the native-English reference. The orig-
inal sampling design contains 100 comparative/quantifier items and 300 items in each other stratum per
language.

Lang. Sampling phenomenon Valid NonSense Original agr. EN-human agr. Main change
AR Comparatives / quantifier scope 100 0 .630 .600 E—N
AR Conditionality 294 6 .684 507 E—N
AR Intensionality 297 3 717 577 E—N
AR Modality 291 9 .636 675 E—N
CN Comparatives / quantifier scope 98 2 .653 724 N—E
CN Conditionality 276 24 525 557 E—N
CN Intensionality 289 11 557 .635 N—E
CN Modality 294 6 534 639 N—C
DE Comparatives / quantifier scope 100 0 710 670 C—N
DE Conditionality 294 6 .687 .588 E—N
DE Intensionality 297 3 .660 618 E—N
DE Modality 299 1 .645 .652 E—N
ES Comparatives / quantifier scope 89 11 742 730 E—N
ES Conditionality 286 14 .647 546 E—N
ES Intensionality 298 2 .607 .639 E—N
ES Modality 293 7 614 .641 E—N
PT Comparatives / quantifier scope 98 2 612 612 E—C
PT Conditionality 285 15 .691 .606 E—N
PT Intensionality 297 3 636 666 N—C
PT Modality 296 4 .642 662 N—C
TH Comparatives / quantifier scope 99 1 727 737 N—C
TH Conditionality 281 19 .584 598 E—N
TH Intensionality 291 9 .550 625 N—E
TH Modality 291 9 619 615 N—C
TR Comparatives / quantifier scope 90 10 722 678 N—E
TR Conditionality 242 58 .661 567 E—N
TR Intensionality 267 33 .581 .643 E—N
TR Modality 274 26 675 631 N—C
UR Comparatives / quantifier scope 100 0 .630 670 C—E
UR Conditionality 294 6 524 610 E—N
UR Intensionality 297 3 582 .628 E—N
UR Modality 300 0 567 .630 N—E
ZH Comparatives / quantifier scope 93 7 .634 570 C—N
ZH Conditionality 284 16 542 550 E—N
ZH Intensionality 292 8 551 .608 E—N
ZH Modality 275 25 553 577 E—N

Table 6: Detailed language-by-phenomenon results.
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C Examples of Translation Label Drift

Table 7 presents three cases in which the original dataset label and the native-English annotation agree,
but the translated-language annotator assigns a different label. The examples illustrate lexical, modal-
pragmatic, and direct content changes introduced by translation.

Item English pair Target-language pair Labels Why the label changes

LING2078

(German) P: A woman of my acquaintance P: Eine Frau, die ich kenne, hat Original: C; English English single denotes not being in a relation-
recently announced that she has  kiirzlich angekiindigt, dass sie human: C; German hu- ship here, whereas German ledig specifically de-
a boyfriend and wants everyone einen Freund hat und mochte, dass  man: E. notes being unmarried. The boyfriend therefore
to introduce the fellow by that ti- jeder ihn mit diesem Titel vorstellt. no longer contradicts the translated hypothesis,
tle. H: The woman is single. H: Die Frau ist ledig. which the German annotator judged as Entail-

ment.

LING2913

(Spanish) P: How could the Mormons P: ;Como pudieron los mor- Original: N; English The Spanish question favors the factual reading
have practiced polygamy? mones practicar la poligamia? human: N; Spanish hu- “How were they able to practice polygamy?”,
H: The Mormons practiced H: Los mormones practicaban la man: E. which presupposes that the practice occurred
polygamy. poligamia. more strongly than the English modal question.

This supports the translated hypothesis.

Fever20541

(Portuguese) P (relevant clause): Seattle is P (relevant clause): Seattle ¢ a Original: C; English The translation changes the erroneous English
the largest city in both the maior cidade do estado de Wash- human: C; Portuguese noun person to city. The Portuguese hypothe-
state of Washington and the Pa- ington e da regido do Noroeste human: E. sis consequently repeats information stated in
cific Northwest region of North  Pacifico da América do Norte. H: the premise, turning a Contradiction into Entail-
America.  H: Seattle is the Seattle ¢ a maior cidade do estado ment.
largest person in the state of de Washington.
Washington.

c

Table 7: Three item-level examples of translation-associated label change.
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