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Abstract

Multilingual natural language understanding
is almost always reported as per-language ac-
curacy: a model is judged reliable in a lan-
guage if it scores well there. This lens over-
states reliability, because it aggregates over
items and hides item-level cross-lingual incon-
sistency: the same reasoning problem receiving
different answers in different languages. On the
parallel XNLI benchmark (identical premise—
hypothesis pairs in 15 languages) we evaluate
two off-the-shelf zero-shot multilingual NLI
models from different architecture families. De-
spite per-language accuracies of 80.8 % and
71.3 %, the models return a unanimous answer
across the 15 languages for only 38.9 % and
21.9 % of test problems; the prediction flips
across languages for a majority of items (61.1
%, 78.1 %), and agreement beyond chance is
only moderate (x = 0.70, 0.55). These flips
are typically silent errors: on most split items
the cross-lingual majority is correct (80.2 %,
76.0 %), so a reader in the dissenting language
receives a wrong answer the model gets right
elsewhere, and they fall disproportionately on
lower-resource languages (flip involvement vs.
a resource proxy: r = —0.67, —0.69). Con-
trary to what the negation-is-hard literature
would predict, this instability is not concen-
trated on explicit pragmatic cues: across both
models, items containing negation or quanti-
fiers flip slightly /ess than cue-free items, not
more. [tem-level cross-lingual consistency, not
aggregate accuracy, is the reliability metric that
matters when the same content must be under-
stood identically across languages. Because the
instability is pervasive rather than localized, it
cannot be mitigated by flagging “hard” inputs.

1 Introduction

In high-stakes multilingual settings (a clinical in-
struction read in Swahili and English, a legal no-
tice issued in Urdu and French, a public-health
advisory pushed to a population that speaks fifteen

languages), the same propositional content must
be understood the same way regardless of the lan-
guage it arrives in. A system that is reliable in
one language but draws a different conclusion from
the translated version of the same case is a source
of miscommunication risk, even if it is “accurate”
everywhere.

Yet the standard way we measure multilingual
language understanding is per-language accuracy:
a model is evaluated separately in each language
and declared reliable in a language if it scores well
there (Conneau et al., 2018; Ahuja et al., 2023;
Bandarkar et al., 2024). Accuracy aggregates over
items, and this aggregation hides a distinct failure
mode. Two languages can achieve identical ac-
curacy while disagreeing on which items they get
right; conversely, a model can answer a given prob-
lem correctly in one language and incorrectly in
another without any drop in either language’s head-
line score. When the quantity of interest is whether
the same input yields the same answer across lan-
guages, accuracy is the wrong measurement.

We make this concrete on Natural Language In-
ference (NLI), a canonical test of language under-
standing, using XNLI (Conneau et al., 2018): the
exact same 5,010 premise—hypothesis problems,
professionally translated into 15 languages and
sharing one gold label per problem. This paral-
lelism lets us ask an item-level question that per-
language accuracy cannot: for a single reasoning
problem, does the model return the same label
when the problem is posed in Arabic, German,
Swahili, Thai, and eleven other languages, and if
not, where do the disagreements fall?

We run two off-the-shelf zero-shot multilingual
NLI models from different architecture families:
a small distilled model (MiniLM-L6) and a base
model (mDeBERTa-v3-base). Cross-lingual an-
swer flips are pervasive and invisible to accuracy
reporting, and every qualitative result below repli-
cates across both models. Despite per-language
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accuracies of 80.8 % and 71.3 %, the models return
a unanimous answer across the 15 languages for
only 38.9 % and 21.9 % of problems; the predic-
tion flips across languages for a majority of items
(61.1 %, 78.1 %), and agreement beyond chance is
only moderate (x = 0.70, 0.55). On most flipped
problems the cross-lingual majority is correct (80.2
%, 76.0 %), so a reader in the dissenting language
receives an answer the model gets right elsewhere.
The instability falls on lower-resource languages:
flip involvement rises as pretraining resources fall
(r = —0.67, —0.69), with English the most stable
and Urdu and Swabhili the least.

We also tested, and rejected, a natural hypothe-
sis. Because NLI models are known to mishandle
negation, we expected flips to concentrate on nega-
tion, modality, and quantifier cues. They do not: in
both models, items whose source contains negation
or a quantifier flip slightly less often than cue-free
items (negation risk ratio 0.88 and 0.91; quantifier
0.92 and 0.93), and modality shows no effect. The
instability is not localised to identifiable pragmatic
pivots; it is pervasive.

Our contribution is one claim, replicated across
models, and the evidence for it:

On parallel multilingual NLI, two mul-
tilingual models from different fami-
lies change their prediction across lan-
guages for a majority of individual rea-
soning problems—silent errors that per-
language accuracy conceals and that fall
on lower-resource languages—and, con-
trary to the negation-is-hard intuition,
this instability is pervasive rather than
concentrated on explicit pragmatic cues.

We (i) formalise item-level cross-lingual con-
sistency and its decomposition against accuracy;
(i1) show the effect replicates across two architec-
ture families, and localise where it falls (lower-
resource languages) and where it does not (it is not
cue-concentrated), using bootstrap and x? tests;
and (iii) provide a limited robustness check with
three frontier LLMs (GPT-5.6, Claude Sonnet 5,
and Gemini 3.1 Pro) on a fixed 300-item subset.
The public repository contains the complete repro-
ducibility artifacts needed to reproduce the reported
results. Our aim is not a new model but a change
of measurement.

2 Related Work

Multilingual understanding, measured by accu-
racy. Cross-lingual benchmarks such as XNLI
(Conneau et al., 2018), and more recent parallel
suites like BELEBELE (Bandarkar et al., 2024),
together with large-scale evaluations of generative
models (Ahuja et al., 2023), are almost universally
summarised as per-language accuracy and its gap to
English. This framing has driven progress in cross-
lingual transfer (Conneau et al., 2020; He et al.,
2023), but by construction it reports a marginal
over items: it cannot see whether two languages
that score alike do so on the same problems. We
keep the same models and data but change the es-
timand from a per-language marginal to an item-
level joint over languages.

Consistency of language models. Consistency
(invariance of a model’s output under meaning-
preserving input changes) has been studied mostly
within a language. Elazar et al. (2021) show that
English PLMs give inconsistent answers to para-
phrased factual queries. Extending this across lan-
guages, Qi et al. (2023) introduce RankC and show
that multilingual models encode factual knowledge
inconsistently across languages, largely indepen-
dently of accuracy. These works target factual
knowledge (cloze/entity prediction). We instead
target reasoning: whether the inferential relation a
model draws between a premise and a hypothesis
survives translation of that same premise and hy-
pothesis. This is a different capability (inference,
not recall) and, we argue, a more direct probe of
understanding.

Negation, modality, and pragmatics in NLI. A
recurring finding is that NLI models mishandle
negation: Hossain et al. (2020) show negation
is under-represented in NLI benchmarks and that
models fail on negation-critical pairs, and Jereti¢
et al. (2020) show mixed competence on implica-
ture and presupposition. Most recently and most
closely related, Vrabcova et al. (2025) build a mul-
tilingual NLI negation dataset and report that both
accuracy and negation robustness are language-
dependent. Our work is complementary and dis-
tinct in three ways. First, our object is cross-lingual
agreement on identical items, not per-language ac-
curacy or robustness. Second, we do not restrict at-
tention to negation: we test negation against modal-
ity and quantification within one consistent design,
and find, contrary to that literature’s implication,
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that cross-lingual flips do not concentrate on these
cues (if anything the reverse). Third, our central
methodological point, that accuracy hides item-
level instability, is a statement about the joint dis-
tribution of answers over languages, not about any
single language’s accuracy.

Why this matters for high-stakes multilingual
deployment. In domains such as health, law,
and governance, meaning frequently turns on a
single negation or deontic modal (“must not” vs.
“should”), and the same content is routinely deliv-
ered across many languages (Anastasopoulos et al.,
2020). This includes lower-resource languages
such as Kazakh, where machine translation of legal
and medical text remains challenging (Rakhimova
et al., 2025) and general-purpose language mod-
els underserve speakers (Bazarbek et al., 2025),
motivating dedicated data resources (Mansurova
et al., 2026) and model adaptation (Mussa and
Mansurova, 2025). In such settings the operative re-
liability question is not “how accurate is the model
in language ¢?” but “will the model reach the same
conclusion for this case whether it is expressed in
£y or £37” Ttem-level cross-lingual consistency an-
swers that question, and we show it does so less
reassuringly than accuracy alone suggests.

3 Method

3.1 Data: parallel NLI as a consistency probe

We use XNLI (Conneau et al., 2018), whose
all_languages configuration stores the genuinely
parallel structure we need: each item is one
premise—hypothesis problem carried in all L=15
languages (ar, bg, de, el, en, es, fr, hi, ru, sw, th, tr,
ur, vi, zh) with a single gold label y; € {entailment,
neutral, contradiction}. The premises and hypothe-
ses originate in English (from MultiNLI (Williams
et al., 2018)) and were professionally translated,
so item ¢ denotes the same reasoning problem in
every language. We report on the held-out test
split (5,010 items x 15 languages). We do not
evaluate on the XNLI validation split: the public
checkpoints we use were fine-tuned on it, so it is
effectively training data for them (empirically we
observed near-ceiling “accuracy” of > 0.99 there),
and it cannot serve as a held-out test. We also avoid
the per-language configurations, which are not row-
aligned across languages. Replication is therefore
across models on the same held-out test set, not
across splits.

3.2 Models

We evaluate two off-the-shelf zero-shot multilin-
gual NLI classifiers from different architecture fam-
ilies, so that any effect is not an artifact of a single
model or family: MiniLM-L6, a small multilin-
gual MiniLMv?2 distilled from XLM-R (Wang et al.,
2021; Conneau et al., 2020), and mDeBERTa-
v3-base (He et al., 2023), a base model that is
competitive with much larger models on XNLI.
Both are public checkpoints fine-tuned on English
MNLI and XNLI and used exactly as released. We
read each model’s label ordering from its config-
uration and map outputs to the XNLI label space;
we run full-precision inference on CPU with fixed
seeds and length-bucketed batching (which does
not change predictions), at a maximum sequence
length of 256 tokens, which covers 100% of XNLI
pairs in every language (longest observed: 216
tokens) so that no language is disproportionately
truncated. Predictions and class probabilities for
every (item, language, model) are saved verbatim.
We report accuracy only as a reference point un-
der this single fixed protocol and make no claim
to reproduce any previously published score; our
argument concerns the relationship between accu-
racy and consistency within this protocol, which is
applied identically to every language.

3.3 Metrics

Let g)z@ be the model’s predicted label for item 7 in

language /, and y; = (Qiu), e ?)z(L)

the L answers to the same problem.

) the vector of

Accuracy. Per-language accuracy ay =
+ EiH‘[QZ@ = y;], summarised by its mean over
languages. This is our reference point, not our

contribution.

Item-level cross-lingual consistency. For each
item we ask whether the L answers agree:

* Flip rate (non-unanimity): the fraction of
items for which y; is not constant, i.e. at least
one language disagrees. Its complement is
unanimity.

* Mean pairwise agreement: averaged over
items, the probability that two randomly
chosen languages give the same answer,
ﬁ ( Do n?c - L) with n;. the number of
languages predicting class c on item <.

248



* Fleiss’ « (Fleiss, 1971), treating the L lan-
guages as raters of each item, to quantify
agreement beyond chance.

Accuracy does not explain instability. To show
flips are a distinct phenomenon, we (i) decompose
items into unanimous-correct, unanimous-wrong,
and split; (ii) among split items, measure how of-
ten the majority label is nonetheless correct (these
are silent, language-specific errors); and (iii) corre-
late each language’s flip involvement (how often it
disagrees with the per-item majority) with its per-
language accuracy and with a pretraining-resource
proxy. Because our models provide class probabili-
ties, we also report the confidence of the minority
(flipping) predictions, distinguishing confident dis-
agreement from low-confidence coin-flips.

Pragmatic-cue localisation. We tag each item
on its English source (the pre-translation original,
so the tag is defined once and applies to the aligned
item in every language) for the presence of nega-
tion, modality, and quantifier cues using trans-
parent surface lexica (Appendix A). For each cue
we compare the flip rate on cue-bearing vs. cue-
free items, reporting the risk ratio, a 2x2 x? test
(Yates-corrected), and a 95% bootstrap CI over
items for the difference. Surface lexica trade recall
for transparency and reproducibility; we treat them
as a lower bound on the true pragmatic signal.

3.4 Frontier-LLM robustness study

All primary conclusions rest solely on the open-
weight NLI models above. As a bounded robust-
ness check we additionally evaluate three frontier
LLMs (GPT-5.6, Claude Sonnet 5, and Gemini 3.1
Pro; exact identifiers in Appendix B) on a fixed
random sample of 300 test items (seed 42), preserv-
ing the full 15-language parallel structure. Every
model receives an identical English instruction and
is constrained to output exactly one of the three
labels; the only thing that varies is the language of
the premise and hypothesis. We score each instance
from its first successful recorded response under
matched decoding settings, parse the label auto-
matically, verify validity, and compute the same
metrics as above. We treat this study strictly as cor-
roboration and do not let it alter the primary claims
unless it is consistent with them.

Model Acc. Unan. x  Flip

MiniLM-L6 71.3 69.9 219 055 78.1
mDeBERTa-base  80.8 79.9 38.9 0.70 61.1

Agree

Table 1: Accuracy vs. item-level cross-lingual consis-
tency on XNLI test (5,010 items x 15 languages). Acc
= mean per-language accuracy; Agree = mean pairwise
cross-lingual agreement; Unan = unanimity; x = Fleiss’
kappa; Flip = non-unanimity rate. High accuracy coex-
ists with low agreement.

4 Results

4.1 Accuracy is high and clustered

Table 1 (column 1) confirms the setup our argument
depends on: the models are accurate. mDeBERTa-
v3-base reaches 80.8 % mean per-language accu-
racy, with the smaller MiniLM-L6 at 71.3 %. Per-
language accuracy is tightly clustered (Table 5):
for mDeBERTa it ranges from 88.3 % (en) down
to only 74.0 % (ur). On the standard lens, these
systems would appear reliable.

4.2 The same problem gets different answers
across languages

The item-level picture is very different (Table 1,
columns 2-5; Figure 1). For mDeBERTa, the 15
languages are unanimous on only 38.9 % of test
problems, so the prediction flips across languages
for 61.1 % of items. Mean pairwise cross-lingual
agreement is 79.9 %, and agreement beyond chance
is weak: Fleiss k = 0.70. The pattern holds for
both models: the small MiniLM-L6 flips on 78.1 %
of items and the stronger mDeBERTa-base on 61.1
%, so higher accuracy does not yield cross-lingual
consistency. Aggregate accuracy in the 70-80%
range coexists with per-item cross-lingual answers
that are unstable for a large fraction of problems.

4.3 Flips are silent errors, not noise

Decomposing items into wunanimous-correct,
unanimous-wrong, and split shows the flips are
consequential. Unanimous-wrong items are rare
(1.0 % for mDeBERTa, 0.8 % for MiniLM); the
model is seldom uniformly confused. The domi-
nant category is split items (61.1 %, 78.1 %), and
on most of them the cross-lingual majority is cor-
rect (80.2 %, 76.0 %), so a reader in the dissenting
language receives a wrong answer for a problem the
model answers correctly in most languages. This
is the failure mode per-language accuracy cannot
see. The two models differ in one respect we report
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I Mean per-language accuracy
B Mean cross-lingual agreement
B Unanimity (all 15 agree)

1.0 4

Rate

MiniLM-L6
(small)

mDeBERTa-base

Figure 1: Accuracy hides instability. For each model,
mean per-language accuracy (left) is far higher than
cross-lingual agreement (middle) and unanimity (right):
high headline accuracy coexists with frequent item-level
disagreement across languages.

rather than average: for the stronger mDeBERTa,
these dissenting predictions are usually confident
(68.6 % are made with probability > 0.9), whereas
for the smaller MiniLM only 25.0 % are, its flips
sitting closer to the decision boundary. Confident
silent errors are the sharper concern for the more
accurate model. Table 2 makes this concrete: mDe-
BERTa returns the gold label in 14 languages and
switches, at >0.99 confidence, to contradiction in
exactly one, an error no monolingual reader of that
language could detect.

4.4 The instability is pervasive, not
concentrated on pragmatic cues

Because NLI models are known to mishandle nega-
tion (Hossain et al., 2020; Vrabcova et al., 2025),
the natural hypothesis is that cross-lingual flips
concentrate on negation, modality, and quantifier
cues. The data refute it. Figure 2 and Table 3
break the flip rate down by whether the item’s
English source carries each cue. In both models,
cue-bearing items flip no more (and for negation
and quantifiers slightly less) than cue-free items:
negation-bearing problems flip at risk ratio 0.88
(mDeBERTa) and 0.91 (MiniLM), quantifier items
at 0.92 and 0.93 (all < 1, Yates X2 > 12, df=1),
and modality shows no reliable effect (1.03, 1.00).
Explicit negation and quantification, if anything,
provide cross-lingual anchors: a strong, distinctive
inference (e.g. negation signalling contradiction)
that survives translation. The instability, by con-
trast, lives in the unmarked, semantically under-
determined inferences that have no such anchor.
This has a practical implication: because the insta-

BN cue present EE cue absent

e
N

RR=0.88 () RR=1.03 (n.s.) RR=0.92 ()

o
o

0.63
0.58

Cross-lingual flip rate
o o o (=]
VoW o w

L

o
=

o
S
I

Negation Modality Quantifier

Figure 2: Cross-lingual flip rate on cue-bearing vs.
cue-free items (mDeBERTa-v3-base). Contrary to the
negation-is-hard intuition, items with negation or quan-
tifier cues flip less than cue-free items; risk ratios (RR)
and significance (*p<.05, **.01, ***.001) annotated.
The pattern replicates in MiniLM (Table 3).

bility is pervasive rather than localised to identifi-
able hard inputs, it cannot be mitigated by flagging
negated or quantified sentences for review.

4.5 The instability falls on lower-resource
languages

Flip involvement (how often a language dissents
from the per-item majority) rises as pretraining
resources fall (Figure 3), correlating r = —0.67
(mDeBERTa) and » = —0.69 (MiniLM) with an
ordinal resource proxy: English is the most stable
language in both models and Urdu and Swahili the
least. We do not overclaim here. A language’s
dissent rate tracks its per-language accuracy very
closely (r = —0.95, —0.98): the less accurate a
language, the more it disagrees with the majority,
so which languages carry the instability is largely
a restatement of the familiar cross-lingual accu-
racy gap. The contribution is not this ranking but
its consequence at the item level: the same rea-
soning problem receives systematically different
answers depending on the language, and that incon-
sistency falls disproportionately on lower-resource
languages, where additional human oversight may
be especially important.

4.6 Robustness

Replication across models. Every result above
is reported for both the distilled MiniLM-L6 and
the base mDeBERTa-v3-base, two different archi-
tecture families at two accuracy levels (71.3 % and
80.8 %). The headline instability (Table 1), the
silent-error decomposition, the resource asymme-
try, and the non-concentration on pragmatic cues
(Table 3) all hold in both; the only material differ-
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Premise (English) Hypothesis (English) Gold Cue Dissent
But as she got older, um, she never acknowledged She never admitted that she was  ent neg ru:con
that she was wrong but she did change. .. wrong.

Please understand that Federal Regulations prohibit = The FAA can’t share some info about  ent neg/qua

FAA personnel, XXXX Airlines, and ... what they’re doing.

Cala Mondrage is practically undeveloped (by the Cala Mondrage is not developed. ent  neg/mod

standards of coastal Mallorca), and m. ..

Table 2: Confident single-language cross-lingual flips (mDeBERTa). Labels abbreviated ent/neu/con; “Dissent” is
the one language that flips, with its (wrong) prediction. All dissents are made at >0.99 confidence.

Phenomenon MiniLM-L6 mDeBERTa-base r=-0.67
Negation cue present 73.4 55.9 0204 ¢
cue absent 80.6 63.9 2 o
risk ratio 0.91 0.88 2 E 0.18
Q.= ~o hi
Modality cue present 78.0 62.6 § £ 016 1 g o
cue absent 78.1 60.6 S = 014 \\‘ar d o
risk ratio 1.00 1.03 88 IS
a ‘6‘,) 012 4 ) ‘\\\ ol
Quantifier ~ cue present 74.5 57.9 =g el
cue absent 80.2 63.0 € 5104 o™ .es.f}\df R
risk ratio 0.93 0.92 ° e
0.08 . : . . T T
25 50 7.5 100 125 150
Table 3: Cross-lingual flip rate (%) on cue-bearing vs. Pretraining-resource rank (1=low, 15=high)
cue-free items, and their risk ratio (RR), by source-side
pragmatic cue and model. In both models, negation and ~ Figure 3: Per-language flip involvement vs. a

quantifier cues yield RR<1 (flip less); no cue increases
flipping.

ence is the higher confidence of mDeBERTa’s flips
(84, “silent errors”). The effect is therefore not an
artifact of a single checkpoint or family.

Frontier LLMs. On the fixed 300-item subset,
all three frontier LLMs reproduce the central ef-
fect (Table 4): despite high per-language accuracy,
they return a unanimous answer across the 15 lan-
guages for well under half of the problems and flip
on a majority or near-majority, with only moder-
ate chance-corrected agreement (accuracy / flip /
unanimity / k: GPT-5.6 80.1%/58.5%/41.5%/0.70;
Claude Sonnet 5 85.2%/54.3%/45.7%/0.75; Gem-
ini 3.1 Pro 85.1%/52.4%/47.6%/0.75). The open-
weight models on the same 300 items behave com-
parably (mDeBERTa 59.0% flips), so the accuracy-
hidden item-level instability is not an artifact of
the smaller open-weight checkpoints; it persists
for frontier reasoning LLMs. The 300-item sub-
set is, however, underpowered for the source-cue
analysis: no cue (negation, modality, quantifier)
reaches significance for any model here (all Yates
x? < 3.4 < 3.84), including the open-weight mod-
els whose full-set negation effect is highly signifi-
cant (§4.4). The subset therefore neither confirms

pretraining-resource rank (mDeBERTa-v3-base).
Lower-resource languages dissent from the cross-
lingual majority more often.

nor refutes the (non-)concentration pattern for the
LLMs; we treat the LLM study strictly as corrobo-
ration of the headline instability and base all cue-
level and primary claims on the full open-weight
test set.

5 Discussion

What the gap means. Per-language accuracy an-
swers “how often is the model right in language £7”.
It is silent on the question that matters when one
population is served in many languages, or when a
single case may be handled in different languages:
“will the model reach the same conclusion regard-
less of the language of expression?” Our results
show these questions have very different answers.
Both models look uniformly reliable by the first
measure while, by the second, changing their an-
swer on a majority of individual problems, silent
errors that land on lower-resource languages. This
is the sense in which accuracy “hides” instability:
item-level cross-lingual consistency is not recov-
erable from per-language accuracy, and it is the
safety-relevant quantity we rarely report.
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Model Acc. Agree Unan. x Flip Neg.RR
MiniLM-L6 73.3 71.1 253 057 747 0.86
mDeBERTa-base  81.5 80.9 41.0 0.71 59.0 0.92
GPT-5.6 80.1 81.0 415 0.70 585 1.12
Claude Sonnet5  85.2 83.6 457 075 543 0.98
Gemini 3.1 Pro 85.1 83.5 476 0.75 524 1.10

Table 4: Frontier-LLM robustness on the fixed 300-item subset (seed 42), compared to the open-weight models on
the identical items. Acc = mean per-language accuracy; Agree = pairwise agreement; Unan = unanimity; Flip =
cross-lingual non-unanimity; Neg. RR = negation flip risk ratio. The accuracy/consistency pattern persists for all
frontier models; the cue risk ratios are not statistically significant on this 300-item subset (all X2 < 3.84; see text),

which is underpowered for cue analysis.

Why the instability is not where we expected.
We began with the standard intuition that negation,
modality, and quantifiers (the cues that flip truth
conditions with a single morpheme) would drive
cross-lingual disagreement. The opposite is true:
in both models, negation- and quantifier-bearing
items are slightly more stable across languages.
A plausible reading is that such cues are strong,
distinctive inferential signals (negation typically
forcing contradiction, universal quantifiers forcing
entailment or contradiction) that translate robustly
and anchor agreement, whereas the items that flip
are the unmarked, semantically underdetermined
inferences with no such anchor. This reframes the
negation-is-hard literature (Hossain et al., 2020;
Vrabcovi et al., 2025): negation may be hard for
accuracy within a language, but it is not the locus
of cross-lingual inconsistency. The cross-lingual
reliability problem is therefore diffuse, which is
harder to guard against than a localized one.

A modest recommendation. Item-level cross-
lingual consistency is cheap to report whenever
a parallel evaluation set exists: it needs only the
per-item predictions already produced during accu-
racy evaluation. We recommend that multilingual
evaluations on parallel data report unanimity, pair-
wise agreement, and Fleiss x alongside accuracy.
Because the instability is pervasive rather than cue-
localised, targeted safeguards (e.g. flagging negated
inputs) will not suffice. Cross-lingual disagreement
itself offers a free, unsupervised abstention signal:
when a system’s answer would change with the
language of the input, a human should be in the
loop.

Implications for Human—Machine Understand-
ing. Whether meaning is “represented, inferred,
and negotiated” consistently across human and ma-
chine environments is, for multilingual models, an

empirical question. Our study gives one concrete,
measurable answer: for current multilingual mod-
els, inference is not invariant to the language that
carries it. Understanding that does not survive a
change of language is a fragile basis for the high-
stakes, cross-lingual communication these systems
increasingly mediate.

Limitations

We measure cross-lingual consistency, not cor-
rectness: a model can be consistently wrong
(unanimous-wrong items), and unanimity is neces-
sary but not sufficient for reliability. Our headline
claim is specifically that accuracy hides instability,
not that consistency alone certifies a model.

The flip rate (non-unanimity across all 15 lan-
guages) mechanically increases with the number
of languages compared, so its absolute magnitude
should not be read as a per-pair disagreement proba-
bility; we therefore also report pairwise agreement
and Fleiss «, which are comparable across rater-
set sizes, and our qualitative conclusions rest on
those. Relatedly, which languages dissent tracks
their per-language accuracy very closely (§4); the
novel object is the item-level joint distribution of
answers, not the per-language ranking.

Our pragmatic cues are detected with transpar-
ent surface lexica on the English source. This
favours precision and reproducibility over recall: it
misses morphological negation, implicit modality,
and cross-linguistic realisations that differ from En-
glish, and it tags the source, not each translation.
The reported cue effects are therefore best read as
lower bounds on the true pragmatic signal.

XNLI is built from MultiNLI genres, not from
actual clinical, legal, or governance text. We
use it because it is the largest professionally-
translated parallel NLI resource and because nega-
tion/modality/quantifier phenomena occur natu-
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rally in it; the “high-stakes” framing motivates why
item-level consistency matters, and we do not claim
results transfer numerically to any specific safety-
critical domain. Relatedly, some cross-lingual flips
may originate in translation choices within XNLI
rather than in the model; because the same trans-
lations are what a deployed system would receive,
we regard this as part of the phenomenon, but it
limits attribution to the model alone.

The open-weight models are zero-shot NLI clas-
sifiers fine-tuned on English MNLI and translated
XNLI, which may bias them toward English-like
realisations; we study 15 languages and two check-
points, and larger or instruction-tuned models may
behave differently (our frontier-LLM study is one
probe of this, not a resolution). Finally, the LLM
robustness study is deliberately small (300 items)
and scores the first successful recorded response
for each instance under the matched decoding set-
tings; because GPT-5.6 supports only its default
temperature, we cannot obtain greedy decoding for
all models, so we cache all raw outputs to make
scoring reproducible rather than claiming bit-level
determinism of the API calls.

Ethics Statement

This work is an evaluation study on public,
professionally-translated benchmark data (XNLI)
and released model checkpoints; it involves no hu-
man subjects, no personal data, and no new data
collection. Our motivating framing concerns high-
stakes domains (health, law, governance), but we
run no experiments on real clinical, legal, or govern-
mental text and make no claims about any specific
deployment. Readers should not treat our numbers
as safety certifications for any product.

The central finding has a fairness dimension:
item-level cross-lingual instability falls dispropor-
tionately on lower-resource languages, so a sys-
tem judged reliable by aggregate accuracy may
nonetheless deliver less consistent understanding
to already-underserved language communities. We
surface this so that multilingual evaluations do not
mistake aggregate accuracy for equitable reliability.
We also caution that “consistency” is not a virtue
in itself (a model can be uniformly and confidently
wrong) and should be reported together with accu-
racy and, ideally, human review on safety-critical
inputs.

The frontier-LLLM robustness study uses paid
commercial APIs; we kept it to a fixed 300-item

subset to bound cost and environmental impact,
cache all responses to avoid redundant calls, and
report the exact model identifiers and settings used
(Appendix B). All open-weight experiments run on
CPU. The public repository contains the complete
reproducibility artifacts needed to reproduce the
reported results.
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A Pragmatic-cue lexica

Cues are matched case-insensitively on the to-
kenised English source (premise + hypothesis). A
tag fires if any listed marker is present.

e Negation: not, n’t (any token),
no, never, none, nobody, nothing,
nowhere, neither, nor, cannot,

without, hardly, barely, scarcely.

* Modality: must, should, shall, may,
might, can, could, would, ought, plus
multiword have/has/had to, need(s/ed)
to, supposed to, allowed to, required
to.
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¢ Quantifier: all, every, each,
some, any, most, many, much,
few, several, both, either,
none, no, everyone/-thing/-body,

someone/-thing, any-/no- pronouns.

On the test split the cue counts are: negation 1,747,
modality 1,271, quantifier 1,878, any 3,258 (of
5,010 items). Categories may overlap (e.g. none);
we also report an “any-cue” union.

B Frontier-LLM study details

Exact model identifiers (frozen at experiment
time): GPT-5.6 = openai/gpt-5.6; Claude Son-
net 5 = anthropic/claude-sonnet-5; Gem-
ini 3.1 Pro = google/gemini-3.1-pro-preview.
Access: Claude Sonnet 5 and Gemini 3.1 Pro were
run through the OpenRouter API. For GPT-5.6,
an initial subset of calls was completed directly
through the OpenAl API; after that account’s quota
was exhausted, the evaluation was switched to
OpenRouter (openai/gpt-5.6) and resumed from
cache, with identical prompt, temperature, minimal
reasoning effort, and parsing. Prompt: a fixed
English system instruction defining the NLI task
and requiring a single word from {entailment, neu-
tral, contradiction}, followed by the premise and
hypothesis in the target language (template in the
public repository). Decoding: temperature = 1
(the only value GPT-5.6 permits) with minimal/low
reasoning effort where exposed, and a 256-token
completion budget so the one-word answer is never
truncated. We score the first successful recorded
response for each instance under the matched de-
coding settings. Parsing: outputs are lowercased
and matched to the three labels (exact, then prefix,
then alphabetic-substring); unparseable outputs are
recorded as invalid. Invalid rates were GPT-5.6
0.02%, Claude 0.00%, Gemini 3.1 Pro 0.09%. The
sole GPT-5.6 invalid response (1 of 4,500, 0.02%;
subset item 3545 in Swahili) was a reproducible
empty completion (GPT-5.6 answered the same
item correctly in all 14 other languages, every other
model answered it, and an identical-protocol retry
again returned empty), so we treat it as an isolated,
input-specific generation anomaly, exclude that one
item for GPT-5.6 by complete-case analysis, and
note that it has no effect on any reported metric
or conclusion. For 1,658 of the 4,500 GPT-5.6 in-
stances the raw responses contain two successful
answers (68 with different parsed labels); scoring
deterministically uses the first successful response

in file order. Subset: 300 items sampled from the
test split with seed 42, preserving all 15 languages
(300 x 15 instances per model). All raw responses
are committed to enable reproducible scoring.

C Reproducibility

All open-weight experiments use transformers
and datasets with full-precision CPU infer-
ence, fixed seeds, and length-bucketed batching
(which does not change predictions). We load
XNLI’'s all_languages parquet directly to guaran-
tee cross-language row alignment. Every reported
result value in the paper is emitted as a I&TjEX macro
by an analysis script that reads only the commit-
ted prediction files and the XNLI test data (gold
labels, and the English source text used for cue
tagging), so figures, tables, and in-text numbers
cannot drift from the results. The public repos-
itory (https://github.com/ahsan-h-shihab/
same-problem-different-answer; archived on
Zenodo, DOI 10.5281/zenodo.22747570) contains
the complete reproducibility artifacts needed to re-
produce the reported results: run drivers, per-item
predictions (.npz), raw LLM responses, analysis
JSON, pinned dataset and model revisions, and a
SHA256 provenance log covering the sampled sub-
set, raw model predictions/API responses, parsed
predictions, and final metrics, so every reported re-
sult can be tied to immutable experimental outputs.

D Full per-language results

Table 5 reports per-language accuracy for both
models and, for the stronger model (mDeBERTa-
v3-base), per-language flip involvement.

Lang MiniLM-L6 mDeBERTa-base Flip inv.
ar 68.7 80.2 14.1
bg 74.2 82.9 9.7
de 71.9 82.5 10.3
el 72.3 82.6 9.5
en 78.9 88.3 8.5
es 74.8 84.5 9.8
fr 74.2 83.4 9.9
hi 69.1 77.1 16.4
ru 71.4 81.3 12.3
SW 64.2 74.8 18.5
th 69.9 79.3 14.9
tr 69.6 80.7 12.7
ur 66.4 74.0 20.5
vi 72.3 79.6 14.1
zh 72.1 81.1 132

Table 5: Per-language accuracy (%) for both models and
per-language flip involvement (%, mDeBERTa-v3-base)
on XNLI test.
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