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Abstract
Large language models (LLMs) are increasingly being used as auto-
mated judges for relevance evaluation in information retrieval, yet
their robustness to adversarial manipulation remains insufficiently
understood, particularly in multilingual settings. In this work, we
investigate the impact of cross-lingual prompt injection attacks on
LLM-based relevance judgments using TREC Deep Learning collec-
tions and two open-weight models under established prompting
frameworks. We examine both instruction-based and content-based
injection strategies in 8 languages spanning different resource levels.
Our results demonstrate that multilingual query-based injections
are highly effective in inflating relevance scores while simultane-
ously evading existing prompt-injection defenses. We further found
that, although existing defense mechanisms can be modified to mit-
igate such attacks, these injections can be easily adapted to bypass
them. These findings highlight a critical gap in current defense
approaches and demonstrate that language generalization can act
as an attack vector, underscoring the need for more robust and
proactive evaluation frameworks for LLM-as-a-judge systems.
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1 Introduction
Recent advances in LLMs have positioned them as potential alter-
natives to traditional human-based relevance judgments, leading
to their increasing adoption as automated judges in information
retrieval (IR) tasks [4, 10]. As LLM judges are deployed in evalu-
ation pipelines—including TREC-style benchmarks and commer-
cial search quality assessment; their susceptibility to adversarial
manipulation carries potential consequences: inflated relevance
scores can distort evaluation outcomes, misguide retrieval system
development, and undermine the integrity of large-scale automated
annotation.

Prior work on adversarial manipulation of LLM-based evalu-
ation has been limited. Most studies focus on instruction-based
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prompt injection (e.g., “ignore previous instructions”) [7]. In con-
trast, only a small number of works have examined content-based
manipulation. In particular, Alaofi et al. [1] shows that inserting
query keywords into passages can fool LLM-based relevance judg-
ments, while Cuconasu et al. [3] demonstrates that introducing
distracting content can significantly degrade retrieval-augmented
generation (RAG) performance. However, these two lines of work
remain largely disconnected: the first focuses on keyword-based
injection, while the second focuses on performance degradation in
RAG systems, without evaluating adversarial implications for LLM-
as-a-judge settings. Furthermore, limited attention has been given
to richer forms of content manipulation, such as query variants or
semantically similar but irrelevant text, and to their transferability
across languages. In particular, content-based injection strategies –
such as the inclusion of query keywords, phrases, or their variants
– resemble keyword stuffing and black-hat SEO practices, yet their
robustness and generality remain insufficiently understood. This
gap is particularly concerning given recent findings by Thomas et al.
[9], which suggest that LLM-based evaluation can make relevance
judgments across languages. This raises the question of whether
content-based manipulations can also transfer across languages
and remain effective under multilingual settings.

In this work, we conduct a preliminary study on multilingual
content-based injections, including query keywords and variants, in
LLM-based relevance judgment settings. We also evaluate existing
defense mechanisms and find that they fail to mitigate these attacks.
Overall, our findings identify content-based multilingual injection
as an underexplored attack surface for LLM-as-a-judge systems and
highlight the need for more robust evaluation and defense methods.

2 Methodology
We examine the impact of language-based adversarial injections on
relevance judgments produced by LLM-as-a-judge systems. Our ex-
periments use queries and passages from the 2022 TRECDeep Learn-
ing (DL) tracks. These benchmark collections are widely regarded as
the standard testbeds for evaluating modern neural retrieval assess-
ment methods, as they provide large-scale, professionally curated
relevance judgments. We evaluated two open-weight LLMs using
the UMBRELA [11] and Criteria-Based [5] prompting frameworks,
both of which have demonstrated strong effectiveness in previous
work. Adversarial manipulation is introduced through keyword
injection attacks [1] and instruction-based injections inspired by
the Kaggle “Can’t Please Them All” competition.1

1https://www.kaggle.com/competitions/llms-you-cant-please-them-all/
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Table 1: False-positive (FP) and false-negative (FN) rates for TREC-DL 2022 after multilingual Query Phrase (QP) and Instruction
(Instruct) injections. "BASE" denotes the uninjected baseline.

Model BASE AR ENG GA HE RU SW TH VI

FP FN FP FN FP FN FP FN FP FN FP FN FP FN FP FN FP FN

GPT-OSS QP 22% 3% 28% 3% 27% 4% 25% 4% 27% 4% 30% 3% 26% 4% 30% 3% 31% 3%
Instruct – – 25% 3% 69% 0% 21% 4% 28% 2% 38% 1% 18% 6% 22% 3% 28% 2%

QWEN QP 26% 3% 35% 2% 38% 1% 31% 3% 34% 2% 35% 2% 30% 3% 35% 2% 36% 2%
Instruct – – 50% 0% 54% 0% 31% 2% 51% 0% 62% 0% 35% 2% 43% 1% 54% 0%

Table 2: False-positive (FP) and false-negative (FN) rates for TREC-DL 2022 after multilingual Query Phrase (QP) and Instruction
(Instruct) injections with PromptArmor filtering. "BASE" denotes the uninjected baseline and is left blank as there are no attack
to mitigate.

Model BASE AR ENG GA HE RU SW TH VI

FP FN FP FN FP FN FP FN FP FN FP FN FP FN FP FN FP FN

GPT-OSS

QP – – 20% 5% 21% 4% 19% 7% 20% 5% 19% 5% 19% 7% 19% 5% 19% 5%
Instruct – – 20% 6% 25% 5% 20% 4% 19% 7% 19% 6% 20% 5% 20% 5% 20% 5%
Distractor – – 21% 6% 24% 5% 18% 8% 20% 6% 21% 5% 20% 6% 21% 6% 22% 6%
Variant – – 19% 6% 23% 5% 19% 6% 20% 5% 20% 5% 19% 5% 20% 5% 19% 6%

QWEN

QP – – 28% 3% 29% 3% 30% 4% 29% 3% 28% 3% 29% 4% 28% 3% 28% 3%
Instruct – – 29% 4% 30% 3% 29% 3% 28% 5% 28% 5% 29% 3% 29% 3% 29% 3%
Distractor – – 33% 3% 35% 2% 28% 4% 30% 4% 33% 3% 30% 4% 31% 3% 33% 3%
Variant – – 27% 4% 32% 3% 28% 4% 28% 4% 27% 3% 27% 4% 27% 3% 27% 4%

Injected content is generated in 8 languages covering diverse
scripts, writing directions, and resource levels, with at least one
language from each level defined by Joshi et al. [6]. We evaluate two
open-weight models (GPT-OSS-20B and Qwen3-32B) on TREC-DL
2022 to assess robustness under multilingual adversarial conditions.
Performance is measured using false positive (FP) and false negative
(FN) rates against human judgments, where FP denotes overestima-
tion and FN underestimation. On non-injected passages, GPT-OSS-
20B achieves 19% FP and 5% FN, while Qwen3-32B achieves 23% FP
and 3% FN.

The most straightforward defense mechanism is rule-based fil-
tering, which detects and removes keywords commonly associated
with prompt injection (e.g., “ignore”). However, this approach is
increasingly ineffective in modern settings. Contemporary LLMs
exhibit strong cross-lingual capabilities, enabling adversaries to
craft injections in a wide range of languages. Constructing and
maintaining comprehensive keyword filters across all languages is,
therefore, impractical and difficult to scale.

A more advanced approach is to adopt LLM-centric filtering
methods, such as PromptArmor [8], which leverages the model
itself to identify and remove injected content. Due to the same
cross-lingual capabilities, LLMs can effectively identify and elimi-
nate instruction-based injections regardless of the language used
before judging, reducing false-positive rates to near-baseline lev-
els. However, this defense method is substantially less effective
against content-based injections of the type described by Alaofi
et al. [1]. LLMs generally do not identify the appearance of query
phrases and keywords in the passage as a form of prompt injection.
Thus, in most cases, PromptArmor fails to detect and remove such

manipulations. Moreover, manual inspection reveals an important
utility limitation: when no clear injection is present, the model
may incorrectly remove or alter legitimate passage content. This
over-sanitization degrades the integrity of the original text and can
introduce FPs in downstream relevance judgments.

PromptArmor can be further modified to explicitly detect query
injection. This enhanced variant can eliminate nearly all direct
query injection attempts. However, such defenses remain inher-
ently reactive and can be easily circumvented by adaptive attack-
ers. In particular, query variation, which had been widely used in
the IR community to improve retrieval performance [2], can also
be repurposed to strengthen query injection attacks. To examine
this, we generated query variants from the original query using
GPT-OSS-20B and injected them into passages. Preliminary results
indicate that a subset of these injections successfully evade detec-
tion, suggesting that LLM-based filters often rely on surface-level
or exact-match cues when identifying injected content.

We further test adaptive attacks. Query variants, generated from
the original query, often evade detection, suggesting reliance on
surface cues. We also introduce distracting content that mimics
natural passages while remaining irrelevant. Following Cuconasu
et al. [3], such content is manually verified to be non-relevant. Our
results show that these strategies bypass existing defenses and can
induce false positives, especially in smaller models.

3 Results & Discussion
Table 1 shows that cross-lingual injections consistently increase
FP rates across all languages, models, and prompting frameworks.
Compared to non-injected baselines, most injection types either
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maintain or further increase FP rates, indicating persistent rele-
vance inflation under adversarial conditions. We observe a clear
FP-FN trade-off: reducing FP typically increases FN, and vice versa.
GPT-OSS exhibits lower FP but higher FN than Qwen3, suggesting
a more conservative strategy, while Qwen3 is more permissive and
prone to overestimation.

Table 2 shows that PromptArmor reduces attack effectiveness
but does not fully eliminate false-positive inflation. Across attacks,
instruction-based injections are effective but remain the easiest to
mitigate. In contrast, content-based methods, especially query vari-
ants and distracting content, are more challenging. Query variants
consistently match or exceed baseline FP rates across languages,
indicating that simple transformations are sufficient to preserve
attack effectiveness. Distracting content is the most effective attack,
raising FP rates up to 35% for Qwen3, while keeping FN low. These
effects are stable across languages, suggesting that multilinguality
does not reduce attack effectiveness and may limit the reliability of
language-specific defenses.

3.1 Statistical Significance

Table 3: Two-way ANOVA for mean difference of labels with
model and language as factors on TREC-DL 2022.

term sum squared df F PR(>F)
C(model) 35.303 2 19.24 <0.001
C(lang) 232.374 10 25.33 <0.001
C(model):C(lang) 2661.910 20 145.1 <0.001
Residual 160313.274 174768

To determine whether language has a statistically significant
impact on LLM-based relevance judgments, we conducted a two-
way ANOVA on the mean difference scores for the QP injection
results in TREC-DL 2021 and TREC-DL 2022, treating the LLM
model and injected language as independent variables. As shown
in Table 3, both factors have statistically significant effects on LLM-
generated relevance labels. Moreover, the interaction effect between
model and language is significant in both datasets, indicating that
the impact of adversarial language depends on the specific LLM
judge being evaluated.

4 Conclusions
This study shows that multilingual content-based injections, in-
cluding query variants and semantically distracting text represent
a key vulnerability in LLM-as-a-judge systems. Unlike instruction-
based attacks, these inputs bypass standard filtering approaches,
such as PromptArmor, consistently inflate relevance scores across
languages.

Future work should examine how such inflated judgments af-
fect downstream retrieval-augmented generation (RAG) pipelines
and whether similar effects extend to human relevance assessment
under exposure to multilingual content-based injections.
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