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Abstract

Retrieval-augmented generation assumes that
language models can use relevant context
while rejecting semantically related but non-
evidential context. Further, multilingual re-
trieval adds a second assumption that when
evidence appears in different languages, mod-
els arbitrate by factual content instead of lan-
guage cues. We test both these assumptions as
generator-side failures to understand how mod-
els bind, compare, and trust evidence across
languages. We first study near-miss contam-
ination where we add true, relation-matched
context about a nearby entity that does not an-
swer the target question. Across Mintaka and
PopQA, this context raises distractor adoption
before any direct contradiction is introduced,
and the effect persists across every tested model
and language.

We then study language evidence arbitration
where English and local-language evidence dis-
agree. We find that language preference is
model-family dependent. GPT-5.4-mini leans
toward English across all four languages, while
DeepSeek models lean toward local-language
evidence for all tested languages. We also run
a label-only control where both snippets are
written in English and only the source label
varies and find that evidence labeled as English
is over-trusted, with 95% bootstrap confidence
intervals excluding zero across all 16 model-
language pairs. Our results thus show that con-
text use is shaped by entity proximity, language
preference, and source-language metadata.

1 Introduction

Retrieval-augmented generation (RAG) is usually
evaluated through the lens of retrieved-passage
quality and final-answer accuracy, leaving under-
examined how models handle plausible context
that is not actually evidence for the target ques-
tion. When exact evidence is unavailable, retrieval

Code and data available at https://github.com/jebish/nmcc

systems often fetch passages about nearby entities,
same-relation facts, or topically related records. A
question about Nepal may return a sentence about
Bhutan, or a question about one river may return
context about a neighboring one. Such passages
can be true and semantically close to the question
while still belonging to the wrong entity. Where
prior work on knowledge conflicts focuses on ex-
plicit contradiction (Longpre et al., 2021b; Xie
et al., 2024; Chen et al., 2022), we study a differ-
ent failure mode here which we term as near-miss
contamination, or interchangeably near-miss con-
text contamination. Near-miss contamination oc-
curs when true, relation-matched context about the
wrong entity leads the model to adopt the wrong
object, with no explicit contradiction present. Near-
miss contamination can exist across languages.

Multilingual RAG also introduces a related but
different generator-side problem. When a system
retrieves conflicting English and local-language ev-
idence for the same question, a model has to decide
which source to trust, which thus becomes a lan-
guage evidence arbitration task. An ideal choice
should track the correct evidence irrespective of
the language. Yet, we observe that models can
show content-independent preference for one lan-
guage’s evidence over the other, which we term as
language-asymmetric evidence arbitration.

We evaluate both of these failures within a sin-
gle factual QA framework. Our near-miss probe
measures distractor adoption under six conditions
of increasing semantic proximity, moving from un-
related context to direct contradiction, and treats
near-neighbor context as the key manipulation. Our
arbitration probe measures evidence selection be-
tween conflicting English and local-language pas-
sages, and then removes comprehension difficulty
via a label-only condition fixing the language and
varying only the label. Our two probes together iso-
late entity grounding and source-label authority as
separate properties of how generators use context.
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Our contributions are:

1. A controlled near-miss contamination probe
for factual QA that uses true, relation-matched
context about the wrong entity to isolate entity
misbinding as a distinct failure mode.

2. A consistent dose-response pattern across four
models, two datasets, and five languages. We
show that near-neighbor context is more harm-
ful than unrelated or same-relation-random
context in every condition tested, and a known-
only analysis restricted to initially correct re-
sponses confirms the effect.

3. A language arbitration probe that separates
content preference from label trust. We
find that model families diverge in which
language’s content they prefer, an instance
of language-asymmetric evidence arbitration,
but a label-only test, where both snippets are
written in English and only the source tag dif-
fers, shows all four still favor the English label
regardless of family.

2 Related Work

Retrieval-augmented generation. RAG sys-
tems condition generation on retrieved evidence
instead of using stored knowledge alone (Lewis
et al., 2020b). Dense passage retrieval (Karpukhin
et al., 2020), retrieval-augmented pretraining (Guu
et al., 2020), and multi-passage generative read-
ers (Izacard and Grave, 2021) form the core RAG
infrastructure, evaluated on knowledge-intensive
benchmarks such as KILT (Petroni et al., 2021). Re-
cent RAG benchmarks additionally probe noise ro-
bustness and negative rejection (Chen et al., 2024),
hallucination under retrieved evidence (Niu et al.,
2024), and citation attribution in generation (Gao
et al., 2023). Our experiments test whether genera-
tors reject plausible context that matches the target
relation while belonging to the wrong entity.

Knowledge conflicts and misleading context.
The tension between parametric memory and re-
trieved evidence is well documented. Longpre et al.
(2021b) show that entity substitution in retrieved
context degrades question answering, while Xie
et al. (2024) find that models differ in whether
they defer to retrieved context or rely on paramet-
ric memory. Conflicting evidence from multiple
sources can compound factual errors (Chen et al.,

2022), and the resulting conflict can become a tug-
of-war between internal and external knowledge
(Jin et al., 2024). Distraction from irrelevant con-
text is a related failure mode (Shi et al., 2023; Ami-
raz et al., 2025), as is non-uniform use of evidence
across long contexts (Liu et al., 2024). Our dis-
tractor context is true and relation-compatible but
belongs to a nearby entity, separating near-miss
contamination from explicit contradiction and arbi-
trary irrelevance.

Parametric knowledge and entity frequency.
Petroni et al. (2019) frame language models as
implicit knowledge stores, and subsequent work
shows that long-tail factual knowledge remains
difficult for LLMs (Kandpal et al., 2023). Entity
popularity is a strong predictor of QA accuracy in
PopQA (Mallen et al., 2023), and dense retrievers
struggle on simple Wikidata-derived entity queries
in EntityQuestions (Sciavolino et al., 2021). Both
findings motivate our known/unknown decomposi-
tion and near-neighbor construction.

Multilingual factual QA. Multilingual QA
benchmarks cover aligned open-domain questions
(Longpre et al., 2021a), typologically diverse
information-seeking questions (Clark et al., 2020),
cross-lingual open retrieval (Asai et al., 2021), and
extractive cross-lingual QA (Lewis et al., 2020a).
We use Mintaka (Sen et al., 2022) as the primary
multilingual evaluation resource, augmented with
a Nepali translation. Recent work studies lan-
guage preference in multilingual RAG systems
(Park and Lee, 2025), and MEMERAG provides
end-to-end multilingual meta-evaluation for RAG
(Cruz Blandón et al., 2025). Observed accuracy
gaps conflate language preference with translation
quality, script handling, entity aliasing, and com-
prehension differences. Our arbitration setup holds
the answer space fixed by requiring a direct choice
between conflicting snippets, and the label-only
condition isolates the source-language tag as the
sole variable once language is controlled.

3 Methodology

We study two failure modes in how models use re-
trieved evidence. Section 3.2 introduces near-miss
context, where a true, relation-matched fact about
the wrong entity is inserted as evidence for a factual
question. Section 3.3 introduces language evidence
arbitration, where conflicting English and local-
language evidence force a model to choose which
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source to trust. For both studies, we construct ev-
idence directly instead of retrieving it, so there is
no search index or retriever in our methodological
pipeline, and every distractor is guaranteed to be
factually true, relation-matched, and tied to one
tracked incorrect answer. We use controlled fac-
tual QA throughout because it supplies a specific
distractor object to track alongside a measurable
binary context-following decision. We query four
models from two different families: GPT-5.4 (2026-
03-05) (Singh et al., 2026), GPT-5.4-mini (2026-03-
17), DeepSeek-V4-Pro (2026-04-24) (DeepSeek-
AI et al., 2026), and DeepSeek-V4-Flash (2026-
04-24) at temperature 0. Our primary metric is
the adoption of the distractor object from the ma-
nipulated evidence. This does not depend on any
overall accuracy changes. The symmetric paired
conditions isolate language preference from con-
founds such as answer position and prior paramet-
ric knowledge. All confidence intervals reported
are 95% bootstrap intervals over items.

3.1 Datasets

We use Mintaka (Sen et al., 2022) and PopQA
(Mallen et al., 2023) as the datasets for this study.
For Mintaka, we use 2,757 items spanning the
train, development, and test splits, across English,
Hindi, Arabic, German, and Nepali. Nepali is not
in Mintaka’s original release and thus, we translate
it from English using DeepSeek-V4-Pro. All trans-
lations are verified and corrected by native speakers.
For PopQA, we use 3,000 stratified items in En-
glish, Hindi, and Nepali, with Hindi and Nepali
translated and verified by the same process, and
we extend its answer aliases with target-language
entity names so translated answers match correctly
during scoring. The near-miss probe uses both
datasets, and the language arbitration probe uses
Mintaka only.

3.2 Near-Miss Context

Near-miss context is a true, relation-matched fact
about the wrong entity for a given question. We
use it to test whether a model adopts this wrong
entity’s fact as the answer, even though that entity
is not the one the question asks about.

Context conditions. We present each question
under six context conditions. Table 1 shows all
six conditions for a single Mintaka item. We use
a no-context baseline to establish parametric per-
formance and gold context to verify that correct

evidence suppresses distractor adoption. The four
distractor conditions grow more relevant to the
question, from unrelated context, which shares
no entity or relation with the question, through
same-relation-random context and near-neighbor
context, to direct contradiction, which names the
same tracked distractor as the answer to the ex-
act same question. Adoption close to the unre-
lated baseline would mean proximity adds little
distractor influence, while adoption close to direct-
contradiction rates would suggest nearby facts are
nearly as misleading as explicit false claims.

The near-neighbor condition is our core exper-
imental configuration. We embed each question
with all-MiniLM-L6-v2 (Reimers and Gurevych,
2019; Wang et al., 2020), and rank candidates shar-
ing the target’s Wikidata category and question type
by cosine similarity. Each candidate must also refer
to a different entity and produce a different answer
than the target. When the combined pool is too
small, we fall back to the same-category pool. We
verify that all Mintaka and PopQA items receive a
candidate this way. We select the highest-similarity
eligible candidate with no threshold. The mean co-
sine similarity on Mintaka is 0.64 and on PopQA is
0.69. We pair, for instance, a question about which
capital city has the highest elevation (gold: La Paz)
with a near-neighbor question about which US city
has the highest population (distractor: New York
City), at a cosine similarity of 0.626. The resulting
context is factually true and semantically plausible
but belongs to the wrong subject entity. We run this
selection once, over English question embeddings,
before translation, so the same candidate carries
over to every language, and the embedding model
only ever has to work in English.

Metric. DOAR measures the probability that the
model outputs the distractor object o′ under context
condition c:

DOARc = P (ôc = o′) (1)

The near-miss effect ∆NN subtracts no-context
adoption to isolate the proximity-specific contri-
bution:

∆NN = DOARNN − DOARNC. (2)

We report both metrics over all items, and addition-
ally split by whether an item is known, meaning
answered correctly without context, or not. This
isolates the effect from each item’s own no-context
baseline, and the gap tests whether the model is
more vulnerable with no prior knowledge.
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Condition Context shown to the model

No context None
Gold “The Ender’s Game series was written by Orson Scott Card.”
Unrelated “Katy Perry’s first hit song was ‘I Kissed a Girl,’ which became a breakthrough ...”
Same-relation random “The Hannibal Lecter series was written by Thomas Harris.”
Near-neighbor (similarity 0.55) “The Hunger Games series was written by Suzanne Collins.”
Direct contradiction “The Ender’s Game series was written by Suzanne Collins.”

Table 1: The six context conditions for a single Mintaka item for the question “Who wrote the Ender’s Game series?”
Suzanne Collins is the distractor tracked in the near-neighbor and direct-contradiction conditions.

3.3 Language Evidence Arbitration
We run the arbitration probe on Mintaka across
Hindi, Arabic, German, and Nepali, restricting to
model-calibrated unknown items so conflicting evi-
dence has an opportunity to shift the response. We
test two symmetric conflict conditions to isolate
directional language preference. In the first, we
place the wrong answer in the English snippet and
the correct answer in the local-language snippet. In
the second, we reverse the assignment and place
the wrong answer in the local-language snippet.
EOR (English Override Rate) is the rate of follow-
ing wrong English evidence in the first condition,
and LOR (Local Override Rate) is the rate of fol-
lowing wrong local evidence in the second. Their
signed difference gives the Language Arbitration
Bias Score:

LABS = EOR − LOR. (3)

A positive LABS means a model follows false En-
glish evidence more often than false evidence in
the local language, an English-leaning arbitration.
A negative LABS means it follows false local evi-
dence more often, a local-language preference. We
run both conflict conditions twice, once with the
question posed in the target language and once with
the question posed in English, so local-language
evidence does not systematically coincide with the
question’s own language. If the question were al-
ways posed in the target language, a model that
simply trusts evidence matching the question’s lan-
guage would look identical to one with a genuine
content-language preference. We pool the two
question-language variants when computing EOR

and LOR, so the reported rates measure evidence-
language preference on its own, separate from this
confound.

The label-isolation condition tests whether
source-language metadata carries authority inde-
pendent of the evidence text itself. Both snippets
are written in English, so unlike EOR and LOR, the

two differ only in their source-language tag and not
in the language of the underlying text. One snip-
pet is tagged English and states the wrong answer,
and the other is tagged with the local language
and states the correct answer. For a question ask-
ing where the Little Bighorn National Monument
is located (gold: Montana), the English-tagged
snippet claims Washington, D.C. and the Hindi-
tagged snippet, also written in English, states Mon-
tana. The rate of following the mislabeled English-
tagged snippet is the Language-Label Authority
Bias (LLAB). This isolates how much trust shifts
from the label alone, with comprehension difficulty
removed. EOR and LOR are symmetric by con-
struction, so any LABS signal that remains after
controlling for position and evidence text reflects
directional language preference instead of compre-
hension asymmetry.

We use the embedding model only to build near-
neighbor candidates for the study in Section 3.2.
Here, EOR, LOR, LABS, and LLAB come entirely
from the four models under evaluation.

4 Near-Miss Results

4.1 Near-Miss Context Drives Dose-Response

Near-miss context drives a dose-response effect on
distractor adoption. Dose-response describes how
a measured effect grows as the dose of a substance
increases. We borrow this term from pharmacol-
ogy to describe the near-miss results. Here the
dose is the semantic distance between a distrac-
tor and the target entity, moving from no context
through unrelated, same-relation, near-neighbor,
and direct-contradiction conditions. Figure 1 shows
this across the five conditions for English. Un-
related and same-relation-random distractors stay
near the no-context baseline, while near-neighbor
adoption rises markedly before direct contradiction
drives it further. A true fact about a nearby entity is
more misleading than one about an unrelated entity,
with no explicit contradiction present. This is near-
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Figure 1: Dose-response for distractor adoption on English Mintaka and PopQA. Near-neighbor context produces a
clear step before direct contradiction.

Model En Hi Ar De Ne Avg.

GPT-5.4 2.6 6.5 5.5 3.8 4.4 4.6
GPT-5.4-mini 3.4 6.5 6.3 4.1 5.5 5.2
DS-V4-Pro 2.3 6.6 5.6 2.5 5.4 4.5
DS-V4-Flash 6.0 20.5 19.9 10.2 19.0 15.1

Table 2: Near-miss effect ∆NN (%) on Mintaka. Avg. is
the mean across five languages.

Model En Hi Ne Avg.

GPT-5.4 42.4 55.2 61.4 53.0
GPT-5.4-mini 47.6 62.9 65.6 58.7
DS-V4-Pro 29.1 40.9 50.1 40.0
DS-V4-Flash 64.8 81.8 83.8 76.8

Table 3: Near-miss effect ∆NN (%) on PopQA. Hindi
and Nepali exceed English in every row.

miss contamination. Within the near-neighbor con-
dition itself, distractor similarity to the target varies
continuously across items, and adoption tracks this
similarity as well (Figure 3). Appendix A.3 reports
the full similarity distribution, correlation statistics,
and per-language breakdown.

Across Mintaka model-language pairs, near-
neighbor and direct-contradiction adoption rates
are positively correlated (r = 0.81, Figure 2).
On Mintaka English, where many questions fall
within parametric knowledge, ∆NN ranges from
2.3% for DeepSeek-V4-Pro to 6.0% for DeepSeek-
V4-Flash, a modest but consistent perturbation. On
PopQA English, where the questions are harder
and the unknown fraction is larger, ∆NN ranges

Model Mintaka PopQA

GPT-5.4 3.0 30.1
GPT-5.4-mini 3.4 35.1
DeepSeek-V4-Pro 3.1 18.4
DeepSeek-V4-Flash 9.8 63.5

Table 4: Known-only near-neighbor effect ∆NN (%),
averaged across languages within each dataset.

from 29.1% for DeepSeek-V4-Pro to 64.8% for
DeepSeek-V4-Flash. This suggests near-miss con-
tamination scales with context-dependence for cor-
rect answers.

4.2 Near-Miss Contamination Persists Across
Languages

The near-miss effect is positive across every model-
language pair in both the datasets (Tables 2–3).
DeepSeek-V4-Flash is the most susceptible model
throughout, peaking at 20.5% on Mintaka Hindi
and 19.9% on Mintaka Arabic.

On PopQA, Hindi and Nepali adoption exceeds
English for every model. The 95% bootstrap confi-
dence intervals for the Hindi-minus-English delta
range from 10.5 to 20.4 percentage points across
models, all above zero. For DeepSeek-V4-Flash,
∆NN reaches 64.8% in English, 81.8% in Hindi,
and 83.8% in Nepali. Hindi and Nepali are both
translated from English in PopQA, so the near-miss
effect grows even when the underlying evidence is
a direct translation of the same English sentence.
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rect contradiction for all Mintaka model-language pairs.
Near-miss contamination is smaller than direct contra-
diction but strongly related to it.
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Figure 3: Near-neighbor adoption by similarity quartile
(Mintaka, all languages pooled). Adoption rises with
how similar the near-neighbor distractor is to the target.

4.3 Near-Miss Adoption Is Higher on
Unknown Items

Unknown items are systematically more vulnerable
to near-miss context than known items (Figure 4).
On Mintaka Arabic, GPT-5.4 near-neighbor adop-
tion rises from 3.8% on known items to 10.2%
on unknown items, and DeepSeek-V4-Flash rises
from 12.2% to 30.4%. Models that already know
the correct answer still show positive adoption, but
the effect is substantially larger where context is the
primary guide. Model uncertainty and near-miss
susceptibility compound each other. We restrict the
sample to items each model already answers cor-
rectly without context and repeat the near-neighbor
check on this known-only subset. Table 4 shows
that adoption stays positive in every model-dataset
cell for known-only conditions. DeepSeek-V4-
Flash shows the largest known-only adoption, at

9.8% on Mintaka and 63.5% on PopQA. Thus, near-
miss context can flip an otherwise correct answer
into an incorrect one.

5 Language Arbitration Results

5.1 Language Preference Reverses by Family

Evidence arbitration direction depends on model
family and target language (Table 6). GPT-5.4-mini
leans English across all four languages, from +3.6
on Nepali (95% CI [0.3, 7.1]) to +8.6 on Hindi
(95% CI [5.5, 11.8]), with confidence intervals en-
tirely above zero. GPT-5.4 is mostly near zero for
Hindi, German, and Nepali, with a supported local
preference for Arabic alone (−3.0, 95% CI [−5.4,
−0.6]). DeepSeek models lean local in all tested
pairs, most strongly for Arabic, where DeepSeek-
V4-Pro reaches −14.2% and DeepSeek-V4-Flash
reaches −13.3% (full confidence intervals in Ap-
pendix Table 9).

We can separate a model’s multilingual accuracy
and its evidence preference. Strong English perfor-
mance is compatible with local-language evidence
following when the two conflict, and a directional
LABS value in one family member does not transfer
to the other, since GPT-5.4 itself stays near zero
for three of the four languages even though GPT-
5.4-mini shows a clear English-leaning preference
throughout.

The EOR–LOR scatter plot (Figure 6) shows the
same family split described above. GPT-5.4 sits
near the diagonal, where EOR and LOR are close,
while GPT-5.4-mini sits clearly below the diago-
nal, having a clear English preference. DeepSeek
models sit above the diagonal in every tested
pair, so DeepSeek follows local-language evidence
more than English evidence throughout. Within
DeepSeek, this local preference is strongest for Ara-
bic (−14.2% for DeepSeek-V4-Pro and −13.3%
for DeepSeek-V4-Flash). This pattern is consistent
with a learned, source-level preference for which
language’s evidence to trust, rather than a general
difficulty parsing non-English text. Together, this is
language-asymmetric evidence arbitration, a pref-
erence for one language’s evidence that varies by
model family.

5.2 English Source Labels Are Systematically
Over-Trusted

Across all 16 model-language cells, every model
over-trusts English-labeled evidence in the label-
isolation test (Figure 5), with LLAB ranging from
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Figure 4: Near-neighbor adoption for known and unknown Mintaka items. Unknown items are usually more
vulnerable, so near-miss contamination is most damaging where models depend on context most.
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Figure 5: LLAB for all model-language pairs. Every value is positive, showing that an English source label is trusted
more even when both snippets are written in English.

Model English first English second

GPT-5.4 4.9 10.2
GPT-5.4-mini 10.1 12.8
DS-V4-Pro 2.2 7.6
DS-V4-Flash 3.1 10.5

Table 5: EOR by evidence position, averaged across
target languages, with the question posed in the target
language.

2.3% to 10.0% (Table 6) and bootstrap confi-
dence intervals uniformly above zero (Appendix Ta-
ble 9). The label effect coexists with local-language
content preference in DeepSeek models. In the
multilingual arbitration (Section 5.1), where the
two snippets are actually written in different lan-
guages, DeepSeek favors the local-language evi-
dence. In the label-isolation test, where both snip-
pets are written in English, DeepSeek still favors
the English-tagged one. Thus, a model’s preference
for local-language text does not carry over to its
trust in an English label.

For RAG systems, the label effect exposes a
metadata sensitivity in the generator. Labels such

as “English source”, “translated source”, or a lan-
guage name can change the model’s answer re-
gardless of the content language. This points to a
source-authority heuristic instead of content com-
parison.

5.3 Evidence Order Does Not Explain the
Family Split

We perform a position-swap control, placing
English-wrong evidence second instead of first, to
test whether LABS reflects presentation order in-
stead of language preference in the target language
probe. Table 5 reports EOR with the question posed
in the target language only, and its “English first”
column is not directly comparable to the pooled
EOR in Table 6. English-wrong adoption increases
for every model, so position affects absolute over-
ride rates. The increase is largest for DeepSeek-
V4-Flash, from 3.1% with English first to 10.5%
with English second, and GPT-5.4 rises from 4.9%
to 10.2%. DeepSeek models nonetheless remain
substantially more local-leaning than GPT models
in the symmetric EOR–LOR comparison regardless
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Model Language EOR LOR LABS LLAB

GPT-5.4

Hindi 7.8 8.4 −0.6 2.3
Arabic 6.7 9.8 −3.0 2.4
German 6.7 8.9 −2.2 2.7
Nepali 6.7 9.8 −3.0 2.3

GPT-5.4-mini

Hindi 18.5 9.9 +8.6 6.5
Arabic 18.0 11.5 +6.5 6.6
German 15.4 8.5 +6.9 7.3
Nepali 14.8 11.2 +3.6 6.4

DeepSeek-V4-Pro

Hindi 8.5 14.4 −5.9 6.7
Arabic 9.4 23.6 −14.2 6.7
German 5.8 17.3 −11.5 6.9
Nepali 9.3 18.2 −8.9 6.6

DeepSeek-V4-Flash

Hindi 11.4 20.0 −8.6 8.6
Arabic 12.4 25.8 −13.3 10.0
German 8.5 20.8 −12.3 9.6
Nepali 9.3 22.3 −13.0 9.1

Table 6: Evidence arbitration metrics on Mintaka (%). LABS = EOR−LOR. Positive values indicate English bias,
and negative values indicate local-language bias. Full confidence intervals appear in Appendix Table 9.
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Figure 6: EOR vs. LOR by model and language. Points
above the diagonal follow local-language evidence,
while points below follow English evidence.

of order, so the family split is not a position artifact.

6 Discussion

6.1 Entity Recognition and Proposition
Understanding Can Diverge

The paired probes separate entity recognition from
proposition comparison. Surface-level entity recog-
nition is sufficient for near-miss contamination,
since a model may recognize or transliterate a
Nepali entity name well enough to influence the
answer without parsing the full proposition. Evi-

dence arbitration requires comparing claims across
languages, a strictly harder task.

This divergence appears in both directions across
the two probes. In the near-miss probe (Sec-
tion 3.2), Table 4 restricts to items each model
already answers correctly without context, so the
correct proposition is already known, yet distractor
adoption stays positive in every model-dataset pair,
reaching 9.8% on Mintaka and 63.5% on PopQA
for DeepSeek-V4-Flash. Entity-level contamina-
tion survives intact propositional knowledge. In the
arbitration probe, both snippets carry full proposi-
tional content in different languages, and correct-
ness is balanced across the two conflict conditions
by design, so a model comparing propositions on
their merits should show no consistent pull toward
either language. Yet, DeepSeek-V4-Flash follows
the local-language claim over the English claim by
a wide margin, and GPT-5.4-mini shows the reverse
pull toward English (Table 6). Proposition-level
comparison gives way to a language-identity pref-
erence tied to model family, not to which claim is
true. The two probes thus target genuinely separate
failure surfaces, and a model’s robustness on one
does not predict its robustness on the other.

6.2 Implications for RAG Evaluation

RAG evaluation that measures only answer accu-
racy under gold retrieval misses generator-side fail-
ure modes that our probes expose. A system can re-
trieve a true passage and still fail when the passage
describes the wrong entity, and direct-contradiction
tests do not exercise this error because the dis-

54395



tractor is flagrantly wrong rather than plausibly
related. Near-miss tests better approximate realis-
tic retrieval mistakes. They are semantically close,
relation-matched, and factually true about a dif-
ferent subject. Near-miss contamination effects
are generally smaller than direct-contradiction ef-
fects but substantial enough to matter in any re-
trieval setting where passages are not tightly entity-
grounded. The same principle extends to language
arbitration. A model can retrieve good multilingual
evidence and still follow source labels inconsis-
tently across model families, so multilingual RAG
systems should test generator-side arbitration sepa-
rately from retrieval quality.

A practical evaluation suite should thus test near-
neighbor contamination, English/local-language
conflict arbitration, and label-isolation sensitivity
to source tags. Together, these three checks cover
entity grounding, evidence-language preference,
and source-label authority as separate points where
a generator can fail even when retrieval succeeds.

6.3 Generator-Side Grounding Failures
The near-miss setting is easy to misclassify as
a retrieval-only problem. If the retriever returns
Bhutan for a Nepal question, retrieval has failed
to locate the exact supporting passage. The gen-
erator still must decide whether the retrieved sen-
tence answers the question, whether the entity in
the context matches the entity in the question, and
whether the object in the context should be copied
into the response. Copying the object from a true
but mismatched passage is a generator-side ground-
ing failure.

Improving retrievers will reduce the frequency of
near misses, but it will not eliminate them. Entity-
centric retrieval tends to surface the closest match-
ing record when the exact one is missing or poorly
indexed, and this happens more often for long-tail
or low-resource-language queries, where an exact
match is less likely to be indexed at all. PopQA is
built around exactly these long-tail entities, so real
deployments answering PopQA-like questions face
this kind of retrieval slippage most often, on top of
the model’s own weaker prior knowledge for the
same entities. Without subject-identity checks, a
plausible retrieved passage can become evidence
by default. The same point applies to multilingual
conflict. A retrieval system can return two passages
that are each reasonable under their own language
or translation pipeline, while the generator must
resolve disagreement between them. When the

model follows one language’s evidence over the
other regardless of which passage is actually cor-
rect, the gap belongs to the generator and not the
retriever.

Each failure calls for different mitigation meth-
ods, some of which we propose here as a direc-
tion for future work. An explicit grounding check
would compare the subject named in a retrieved
passage against the subject named in the question
before the passage is used as evidence. Every near-
miss error in our results involves exactly this kind
of mismatch, so a check at this level would catch
it directly. Cross-language disagreement is harder,
since a passage can name the correct subject and
still be the wrong one to trust. Conflict-aware
prompting or evidence aggregation that surfaces
disagreement between passages instead of silently
picking one is one direction worth exploring. Our
LABS results show that this preference reverses
across families and is not even guaranteed to hold
within one, so a single fixed trust ordering between
languages will not generalize across different gen-
erator models.

7 Conclusion

We studied how context can mislead factual QA
models after retrieval. Near-miss contamination
shows that true context about a nearby but incor-
rect entity can still lead a model away from the
correct answer. Models also differ in which lan-
guage’s evidence they trust when two sources dis-
agree, a language-asymmetric evidence arbitration
that does not track how well a model understands
either language. Even when the two evidence
texts are both written in English and differ only
in which language they are tagged with, models
consistently trust the English-tagged one. Context
use depends on relevance, entity grounding, and
which language’s evidence a model chooses to trust.
RAG evaluations should include controlled near-
miss retrieval errors and multilingual arbitration
tests alongside gold-context accuracy.

Limitations

Methodological control. We use templated evi-
dence for both studies. The templates give causal
control over what a passage says, where it appears,
and what language it is written in. Real RAG
systems return longer, noisier, and more variable
context than what is constructed here. All experi-
ments use a single prompt template at temperature

54396



zero, applied identically to all four models, so a
result reflects how each model behaves under one
shared instruction and not the best answer it could
reach under a prompt tuned specifically for it. Ef-
fect magnitudes could shift under different prompt
phrasing, chain-of-thought instructions, or a differ-
ently aligned variant of the same underlying model.
These are controlled failure probes. They tell us
whether a failure mode exists and how it responds
to controlled changes in context. Estimating how
often such failures occur in a live production sys-
tem needs a different kind of study, with naturally
retrieved passages and varied prompting.

Scope. We test entity-centric factual QA across
English, German, Arabic, Hindi, and Nepali. Simi-
lar mechanisms may appear in multi-hop reasoning
or in longer, discursive responses, but those set-
tings introduce harder evaluation problems. Many
other language families and scripts are not tested
here. The conclusions should be tested on a wider
multilingual set and on harder task types before
being treated as general typological or task-level
claims.

Translation quality. We translated Mintaka
Nepali and PopQA Hindi and Nepali using
DeepSeek-V4-Pro. These were subsequently re-
viewed and corrected by native speakers. Residual
code mixing in proper names, titles, awards, and
genre labels is domain-typical and expected, and
it is not a translation defect. The translation and
verification process does not cover all possible id-
iomatic variants. Results should be interpreted as
covering only the tested language conditions. They
are not exhaustive typological claims.

Model transparency and drift. Closed and
hosted models can change over time, and their pa-
rameter counts are not always public. We report
the evaluated model names, prompt templates, de-
coding settings, and aggregate outputs so the exper-
iments can be repeated under the closest available
deployment. Exact reproduction may still be af-
fected by provider-side updates.

Potential risks. The probes in this paper create
misleading evidence for diagnostic evaluation of
RAG systems. The same construction could be
misused to make systems more persuasive with
wrong evidence. The released artifacts should be
used to measure and reduce such failures. They
should not be used to deploy misleading retrieval
behavior.
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A Additional Near-Miss Analysis

A.1 Known and Unknown Items
Near-neighbor adoption is consistently larger on
unknown items than on known items. The
known/unknown split is model-specific and comes
from the no-context pass, such that an item is
known if the model answers it correctly without
context and unknown if it does not. Across all
dataset-model-language cells, the unknown-over-
known ratio ranges from 1.20x to 6.00x.

At the model level (Figure 7), DeepSeek-V4-
Flash shows the largest Mintaka gap, with near-
neighbor DOAR averaging 9.8% on known items
and 25.8% on unknown items. On PopQA, both
bars rise further, with DeepSeek-V4-Flash reaching
63.5% on known items and 85.3% on unknown
items, and the other models also showing larger
adoption on unknown items.

A.2 Category-Level Heterogeneity
Near-miss effects vary substantially by category
(Figure 8). On Mintaka, sports (11.5 points) and
geography (7.9 points) show the largest average
effects, followed by movies. PopQA category-level
effects are considerably larger overall, with genre
at 67.7 points and occupation at 52.4 points.

To check whether this variation simply reflects
how often the model already knows the answer
in each category, we compare each category’s ef-
fect size to its unknown share (Table 7, Table 8).
On Mintaka, the two show no reliable relationship.
Pearson correlation is r = 0.49 (p = 0.22) and
Spearman correlation is ρ = 0.14 (p = 0.74)
across the eight categories, and dropping sports
alone collapses the correlation to near zero. On
PopQA, a positive correlation appears across the
four categories, but it is dependent almost entirely
on genre, which has both the highest unknown
share and the largest effect. Dropping genre alone
collapses this correlation. So, category-level ef-
fect size cannot simply be defined by how well the
model already knows the category.

A.3 Near-Neighbor Similarity and Adoption
Similarity between the near-neighbor distractor and
the target varies continuously across items, span-
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Figure 7: Near-neighbor adoption on known and unknown items, averaged across languages within each dataset.
Unknown items are consistently more vulnerable, while the absolute rate depends strongly on the dataset and model.

Category Known (%) Unknown (%) Effect (pts)

Sports 57.7 42.3 11.5
Geography 70.0 30.0 7.9
Movies 66.1 33.9 7.3
Politics 56.4 43.6 7.2
Music 65.0 35.0 6.8
Videogames 69.4 30.6 6.5
History 64.1 35.9 6.1
Books 66.4 33.6 4.9

Table 7: Known/unknown share and near-miss effect
size by category (Mintaka).

Category Known (%) Unknown (%) Effect (pts)

Genre 18.7 81.3 67.7
Occupation 34.9 65.1 52.4
Place of birth 24.4 75.6 43.2
Father 36.4 63.6 32.8

Table 8: Known/unknown share and near-miss effect
size by category (PopQA).

ning from low similarity to near-identical. Across
the 2,757 Mintaka items, cosine similarity has
mean 0.639, median 0.637, and interquartile range
0.519–0.759. Across the 3,000 PopQA items, mean
similarity is 0.691, median 0.669, and interquartile
range 0.610–0.748.

Quartile-binned adoption by model shows that
the adoption rises with similarity across every
model on both datasets (Figure 9). The pooled
point-biserial correlation between similarity and
adoption is r = 0.14 on Mintaka and r = 0.28 on
PopQA. Per model-language pair, the correlation
ranges from 0.10 to 0.21 on Mintaka and 0.13 to
0.41 on PopQA, and it stays positive throughout.
This same rise appears within every tested language
as well (Figures 10–11). On Mintaka, DeepSeek-
V4-Flash’s curve starts higher than the other three

models at the lowest similarity quartile in every
tested language, then rises the same way the other
models’ curves do.

This similarity-adoption relationship can be un-
derstood better with two examples at different ends
of the similarity range. At similarity 0.43, the
target question asks who is known as the Father
of Medicine (gold: Hippocrates), and the near-
neighbor context states that Christiaan Barnard per-
formed the first heart transplant. The two entities
share little beyond a loose medical connection, and
adoption on this item is rare. At similarity 0.94, the
target question asks which actor has the most Os-
car nominations for his performances (gold: Jack
Nicholson, the record among male actors), and the
context answers a differently scoped question about
the most Academy Award nominations by any ac-
tor, naming Meryl Streep, the overall record holder.
The two entities are easy to confuse, and adoption
on this item is common.

B Additional Language Arbitration
Analysis

B.1 LABS Confidence Intervals

Confidence intervals by model-language pair (Fig-
ure 12) show which arbitration estimates are direc-
tional. GPT-5.4-mini’s English-leaning estimates
for every language are confidence-supported, while
GPT-5.4 has one confidence-supported estimate, a
local-language preference for Arabic. DeepSeek-
V4-Pro and DeepSeek-V4-Flash are local-leaning
with intervals excluding zero in all four languages.

B.2 Full Evidence Arbitration Table

Table 9 reports the full confidence intervals behind
Table 6, along with the LLAB magnitude for each
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Figure 8: Mean near-miss effect by dataset category, averaged across models and tested languages. Mintaka effects
vary across topical categories, while PopQA effects are largest for genre and occupation relations.
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Figure 9: Near-neighbor adoption by similarity quartile, broken down by model, for Mintaka and PopQA.
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Figure 10: Near-neighbor adoption by similarity quartile and language (Mintaka).
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Figure 11: Near-neighbor adoption by similarity quartile and language (PopQA).

model-language pair. LLAB magnitude scales with
model, staying near 2.5 points for GPT-5.4, rising
to roughly 6.4 to 7.3 points for GPT-5.4-mini and
DeepSeek-V4-Pro, and reaching 8.6 to 10.0 points
for DeepSeek-V4-Flash. This scaling does not
track each model’s own LABS magnitude, or even
its sign. GPT-5.4-mini’s LABS spans +3.6 to +8.6,
an English-leaning preference, while DeepSeek-
V4-Pro’s spans −5.9 to −14.2, a local-leaning pref-
erence in the opposite direction, yet the two models
land at almost the same LLAB magnitude. Trusting
a snippet more because it carries an English label is
a separate behavior from the direction or strength
of a model’s actual local-content preference.

C Artifacts, Data Quality, and
Reproducibility

C.1 Scientific Artifacts and Intended Use

Our experiments use two public QA artifacts,
Mintaka and PopQA, and produce derived diag-
nostic artifacts for near-miss contamination and
language evidence arbitration. Mintaka serves as
a multilingual entity-centric QA benchmark, and
PopQA provides long-tail entity-centric factual
questions. The derived artifacts are designed for
research evaluation of generator grounding failures.
They stress-test whether a generator accepts wrong-
entity evidence, follows conflicting evidence, or
treats source-language labels as authority cues.
Training on them to make models more persua-
sive with misleading evidence falls outside their
intended use.

For context construction, we apply the same
evidence-building pipeline to both datasets. Neigh-

bor construction uses sentence embeddings from
all-MiniLM-L6-v2 (Reimers and Gurevych, 2019;
Wang et al., 2020). The derived artifacts retain the
original question-answer structure and add con-
trolled evidence fields, distractor metadata, model
outputs, and aggregate metrics.

C.2 Licensing and Access Conditions
We release the Nepali translations for both datasets
and the Hindi translation for PopQA, along with
the evaluation code. The translated datasets are
released under the same license as the original
dataset. The Mintaka translations are released un-
der Mintaka’s own Creative Commons Attribution
4.0 license, and the PopQA translations are released
under PopQA’s MIT license. The sentence em-
bedding model used for near-neighbor selection,
all-MiniLM-L6-v2, is available under the Apache
2.0 license.

C.3 Dataset Coverage
Mintaka contributes 2,757 items after combining
train, development, and test portions used in this
evaluation. Each item has a target question, target
answer, near-neighbor distractor, unrelated distrac-
tor, and evidence fields for English, Hindi, Arabic,
German, and Nepali. Items with severe gaps were
identified and repaired before experimental runs.
PopQA contributes 3,000 stratified items with En-
glish, Hindi, and Nepali evidence fields. The near-
miss probe evaluates 4 models across 5 Mintaka
languages and 3 PopQA languages, with 6 context
conditions per item. The arbitration probe evalu-
ates 4 models across 4 target languages on model-
calibrated unknown items, plus a label-isolation
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Model Lang EOR (lo–hi) LOR (lo–hi) LABS LABS (lo–hi) LLAB (lo–hi)

GPT-5.4

Hindi 7.8 (5.5–10.0) 8.4 (6.3–10.9) −0.6 −3.3–+2.1 2.3 (1.7–2.9)
Arabic 6.7 (5.0–8.7) 9.8 (7.3–12.2) −3.0 −5.4–−0.6 2.4 (1.8–3.0)
German 6.7 (4.6–8.8) 8.9 (6.6–11.5) −2.2 −4.5–+0.4 2.7 (2.1–3.4)
Nepali 6.7 (4.5–9.0) 9.8 (7.1–12.4) −3.0 −6.0–+0.0 2.3 (1.7–2.9)

GPT-5.4-mini

Hindi 18.5 (15.6–21.5) 9.9 (7.8–12.2) +8.6 +5.5–+11.8 6.5 (5.5–7.5)
Arabic 18.0 (15.1–20.9) 11.5 (9.5–13.6) +6.5 +3.6–+9.4 6.6 (5.6–7.6)
German 15.4 (12.8–18.0) 8.5 (6.4–10.5) +6.9 +4.1–+9.9 7.3 (6.2–8.4)
Nepali 14.8 (12.1–17.6) 11.2 (8.8–13.7) +3.6 +0.3–+7.1 6.4 (5.5–7.3)

DS-V4-Pro

Hindi 8.5 (6.6–10.9) 14.4 (11.8–17.0) −5.9 −8.9–−3.1 6.7 (5.8–7.8)
Arabic 9.4 (7.4–11.5) 23.6 (20.8–26.4) −14.2 −17.0–−11.2 6.7 (5.9–7.8)
German 5.8 (3.9–7.8) 17.3 (14.3–20.3) −11.5 −14.4–−8.8 6.9 (5.9–8.0)
Nepali 9.3 (7.0–11.5) 18.2 (15.0–20.9) −8.9 −12.0–−5.6 6.6 (5.7–7.6)

DS-V4-Flash

Hindi 11.4 (9.0–13.7) 20.0 (17.2–23.1) −8.6 −11.9–−5.4 8.6 (7.6–9.8)
Arabic 12.4 (10.3–14.4) 25.8 (23.0–28.8) −13.3 −16.6–−10.3 10.0 (8.8–11.3)
German 8.5 (6.5–10.5) 20.8 (17.7–23.7) −12.3 −15.1–−9.5 9.6 (8.5–11.0)
Nepali 9.3 (7.2–11.4) 22.3 (19.4–25.4) −13.0 −16.4–−9.7 9.1 (7.9–10.3)

Table 9: Evidence arbitration metrics on Mintaka with 95% bootstrap confidence intervals. LABS is computed using
unrounded rates, so it can differ by 0.1 if computed using rounded EOR−LOR from the columns above.

condition.

C.4 Translation Verification and Text Quality

Mintaka Nepali, PopQA Hindi, and PopQA Nepali
evidence were translated using DeepSeek-V4-Pro.
All translated items were then reviewed by na-
tive speakers, who corrected errors in fluency,
entity transcription, and grammatical agreement.
Mintaka’s Hindi, Arabic, and German evidence is
native content, though back-translation was still
performed as a quality check during evidence con-
struction. Structural validation for each sample
across languages confirmed that each item had the
required evidence fields, distractor fields, and re-
sult rows. Native-script checks flagged strings with
low Devanagari or Arabic-script coverage. Flagged
cases were re-examined to distinguish genuine
defects from expected Latin-script names, titles,
awards, and genre labels.

A small number of Mintaka items had resid-
ual defects including missing evidence fields, fil-
tered placeholders, and a spurious offensive suffix.
These were repaired before the experiments. The
final dataset has zero occurrences of the filtered-
content placeholder and the spurious offensive suf-
fix. Residual code mixing in entity names, genre
labels, and titles is domain-typical and expected.

C.5 Personally Identifying and Offensive
Content

Our probe uses public entity-centric QA resources
and generated evidence templates. It does not col-
lect user data, recruit human subjects, or add private

personal information. Some questions and answers
refer to public people, places, creative works, and
organizations because those entities are part of the
underlying public QA datasets. We checked the
generated evidence and result records for visible
offensive strings and filtered placeholders. The se-
vere offensive-string defect found during auditing
was removed from the dataset.

C.6 Experimental Settings and
Reproducibility

All model calls use deterministic decoding with
temperature 0. The answer budget is short because
the prompt asks for only the answer entity. We do
not perform any hyperparameter search. Context
condition, language, source label, evidence order,
and model are the main intervention parameters
which we fix by design. Reasoning effort is set to
none. Exact reproduction may require the same
provider deployment or a dated snapshot, because
closed hosted models can change after evaluation.

All confidence intervals are 95% bootstrap in-
tervals over items. The reported tables use means
over the relevant item sets, and the appendix figures
state when values are averaged across languages,
categories, or models. The near-neighbor selection
uses cosine similarity over English question em-
beddings, computed within each dataset separately.
The highest-scoring eligible candidate is selected
after entity QID and answer-string filtering.

The final evaluation contains 612,048 model-
response records. The near-miss probe contributes
546,840 records from 4 models, 2 datasets, 32
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Figure 12: LABS with 95% bootstrap confidence intervals for every model-language cell. Positive values indicate
English-leaning arbitration, and negative values indicate local-language-leaning arbitration.

model-language pairs, 6 context conditions, and the
full item set for each dataset. Mintaka contributes
2,757 items in English, Hindi, Arabic, German, and
Nepali and PopQA contributes 3,000 items in En-
glish, Hindi, and Nepali. The arbitration probe con-
tributes 65,208 Mintaka records: 28,128 records
for symmetric English/local-language conflict con-
ditions and 37,080 records for label isolation.

Parameter counts are not disclosed by OpenAI
and are not reported here. Per its HuggingFace
model card, DeepSeek-V4-Pro is a 1.6T-parameter
model with 49B activated, and DeepSeek-V4-Flash
is a 284B-parameter model with 13B activated.

D Prompt Templates

All prompts are sent as a single user-role message
through each provider’s standard chat completions
interface, with no system-prompt override. The
same message structure is used identically across
all four models. Across every template below, only
the question, context, and evidence text are shown
in the target language, and the instruction text itself
is always in English.

Evidence arbitration template

You are given a question and two evidence
snippets. The snippets may disagree.
Answer the question using the evidence you
judge to be correct.
Respond with ONLY the answer entity.

Evidence A ({lang_a}):
{text_a}

Evidence B ({lang_b}):
{text_b}

Question:
{question}

Answer:

Near-miss standard template

Answer the question. The context below may
or may not be relevant - use your
judgement.
Respond with only the answer entity,
nothing else.

Context:
{context}

Question: {question}

Answer:

Near-miss no-context template

Answer the question.
Respond with only the answer entity,
nothing else.

Question: {question}

Answer:

Label-isolation template

You are given two evidence snippets and a
question.

Evidence A (labeled as: {label_a}):
{text_a}

Evidence B (labeled as: {label_b}):
{text_b}

Question: {question}

Answer with only the answer entity.
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