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Abstract

Large language models (LLMs) often achieve
high performance in native language identifica-
tion (NLI) benchmarks by leveraging superfi-
cial contextual clues such as names, locations,
and cultural stereotypes, rather than the under-
lying linguistic patterns indicative of native lan-
guage (L1) influence. To improve robustness,
previous work has instructed LLMs to disre-
gard such clues. In this work, we demonstrate
that such a strategy is unreliable and model
predictions can be easily altered by misleading
hints. To address this problem, we introduce
an agentic NLI pipeline inspired by forensic
linguistics, where specialized agents accumu-
late and categorize diverse linguistic evidence
before an independent final overall assessment.
In this final assessment, a goal-aware coordinat-
ing agent synthesizes all evidence to make the
NLI prediction. On two benchmark datasets,
our approach significantly enhances NLI ro-
bustness against misleading contextual clues
and performance consistency compared to stan-
dard prompting methods.1

1 Introduction

Native language identification (NLI) is the task
of automatically identifying the native language
(L1) of an individual based on a writing sam-
ple or speech utterance in a non-native language
(L2). This task is grounded in the theory of cross-
linguistic influence, which posits that an author’s
L1 leaves distinctive, often subconscious, traces in
their L2 production patterns (Yu and Odlin, 2016).
These traces can manifest in various linguistic as-
pects, such as lexical choice, grammatical con-
structions, and error types (Schneider and Gilquin,
2016). Applications of NLI range from educational
settings, where they can provide language learners
with meta-linguistic feedback (Karim and Nassaji,

1Code is available at:
https://github.com/projectauch/agents-nli

Figure 1: Influence of misleading hints on NLI predic-
tion (Llama-3.3-70B-Instruct) despite instructions to
disregard this information. Left: Baseline prediction
for Spanish L1 text is correct. Right: Introducing a
stereotype statement from an Italian L1-speaker as a
misleading hint, while instructing the LLM to ignore it,
leads to an incorrect prediction of Italian, demonstrating
the hint’s overriding influence.

2020), to forensic linguistics, aiding in authorship
attribution during criminal investigations (Perkins,
2021).

Recently, large language models (LLMs) have
emerged as powerful tools demonstrating remark-
able aptitude for various authorship analysis tasks
(Huang et al., 2024, 2025). Their capacity to iden-
tify these complex linguistic patterns indicative
of L1 interference often allows them to achieve
state-of-the-art performance on NLI benchmarks,
even in zero-shot or few-shot settings (Uluslu and
Schneider, 2025). However, this impressive per-
formance raises critical questions about the consis-
tency and robustness of their decision-making pro-
cesses, especially when confronted with potentially
misleading contextual information, as illustrated in
Figure 1.

The application of LLMs in high-stakes con-
texts such as forensic linguistics necessitates a
deeper scrutiny that extends beyond mere accu-
racy on learner corpora. If its analysis can be eas-
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Figure 2: NLI accuracy of LLMs using a basic classifi-
cation prompt (see Figure 4) under different signature
(hint) conditions. Performance drops significantly with
misleading signatures, despite explicit instructions to
ignore them.

ily swayed by superficial contextual clues (e.g.,
names, locations, cultural stereotypes, or author
self-disclosures) rather than being consistently
grounded in linguistic features, the integrity of the
forensic analysis is compromised (Grant, 2022).
Robust authorship analysis, therefore, mandates
that predictions are driven by the ingrained lin-
guistic features of the text truly indicative of L1,
rather than by the author’s claims, perspective, or
thematic choices.

Despite explicit instructions2 to disregard super-
ficial hints, our preliminary experiments reveal that
LLMs are persistently influenced by such infor-
mation, leading to the low self-consistency rates
illustrated in Figure 2. Rather than trying to con-
strain a single model’s explanations that may not re-
flect its true decision pathway (Turpin et al., 2023),
we explore an agentic task decomposition for NLI.
Recent advancements in multi-agent systems and
task decomposition for LLMs are built upon sim-
ilar principles, where individual LLM agents are
assigned specialized roles to focus on distinct sub-
problems (Guo et al., 2024). Our agentic approach
draws inspiration from the methodical processes
in forensic linguistics where judgment about the
authorship is often withheld during preliminary
stages as distinct linguistic features are examined
in isolation (Grant, 2022). This practice, aimed
at preventing premature and biased conclusions,
ensures that objective evidence is collected before
synthesis (Olsson, 2009).

2Our prompts are provided in Appendix C.

In this work, we first demonstrate the persis-
tent reliance of LLMs on superficial clues for NLI
by evaluating models in adversarial settings where
misleading or supportive hints are intentionally in-
troduced into the text. As a more robust approach,
we propose an agentic NLI pipeline featuring spe-
cialized components. Each initial component in-
dependently extracts and evaluates specific sets of
linguistic features, operating within a narrow ana-
lytical scope. A final goal-aware coordinator agent
then aggregates these isolated linguistic analyses
to assign the NLI label. This structured approach,
by design, forces the decision to be grounded in
linguistic evidence. Our key contribution is show-
ing that this pipeline significantly enhances NLI
robustness and self-consistency against mislead-
ing contextual clues compared to standard end-to-
end LLM prompting, particularly in adversarial
settings.

2 Related Work

2.1 Native Language Identification

A recent survey highlights a trend in NLI research
towards prompting approaches with LLMs, fo-
cusing primarily on exploring zero-shot perfor-
mance and the impact of fine-tuning across diverse
languages and corpora (Goswami et al., 2024).
Furthermore, impressive benchmark performances
have led some recent studies to posit data leak-
age as a plausible contributing factor (Goswami
et al., 2025). Although these studies demonstrate
the capabilities of LLMs in authorship analysis,
only a few studies include evaluations that hint at
underlying issues with model behavior and self-
consistency. Indeed, the common practice of re-
stricting LLM outputs to mere classification labels
often limits the scope for such qualitative examina-
tion (Ng and Markov, 2024). Notably, Uluslu et al.
(2024) anecdotally observed how superficial textual
features, such as mentions of historical incidents
from a particular political perspective, could be
manipulated to influence NLI predictions. In real-
world scenarios, such superficial hints can repre-
sent either misleading noise within the text or delib-
erate authorial obfuscation (Alperin et al., 2025). In
another relevant study, Uluslu and Schneider (2025)
explored the model’s reliance on structural versus
lexical clues by evaluating LLM performance on
texts where content words were replaced by their
part-of-speech (POS) tags, a technique also known
as masking in forensic applications.
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Despite these observations, a systematic inves-
tigation into how LLMs handle supportive or mis-
leading contextual hints embedded within English
L2 texts, which often contain self-disclosures re-
lated to an author’s background, has been lacking.
This presents a significant shortcoming, as models
are prone to exploit these salient but linguistically
irrelevant clues rather than engaging with the sub-
tle patterns indicative of L1 influence. Our work
directly addresses this gap by constructing adver-
sarial NLI experiments.

2.2 Prompting, Self-consistency, and
Faithfulness

Direct prompting is a common strategy for guid-
ing LLM behavior and mitigating biases (Li et al.,
2024). For example, Huang et al. (2024) pro-
posed various prompts for authorship verification,
instructing models to disregard topic differences
and to focus solely on explicitly mentioned linguis-
tic features, which reportedly increased overall per-
formance. However, the efficacy of such prompts
is often evaluated under optimal conditions, rarely
exposing models to overtly contradictory or mis-
leading information within the same text. In typical
writing of L2 learners, a natural alignment often ex-
ists: an author’s L1-specific linguistic features tend
to co-occur with content reflecting their cultural
background, such as references to cities, customs,
or perspectives rooted in their native culture (e.g., a
German learner referencing “making my Abitur” or
grounding arguments on German societal norms).
This congruity means models are not routinely chal-
lenged by conflicting signals during standard eval-
uations. For instance, consider a scenario where
the aforementioned text with German perspective
and cultural references also exhibited underlying
syntactic and lexical patterns strongly indicative
of an L1 Spanish background. Adversarial experi-
ments are crucial to test scenarios in which these
signals deliberately diverge or conflict (Zhai et al.,
2022). Such experiments probe whether LLMs can
prioritize core linguistic evidence over potentially
misleading content clues, a key capability for ro-
bust forensic applications (Alperin et al., 2025).

The consistency of LLM outputs is intertwined
with the broader discourse on faithfulness in rea-
soning — specifically, whether a model’s generated
explanation or stated decision process accurately
reflects its true internal mechanisms (Agarwal et al.,
2024). We concur with the critique by Parcal-
abescu and Frank (2024) that many studies osten-

sibly measuring faithfulness are, in fact, assessing
a model’s self-consistency: the degree to which a
model’s outputs align with its explicit instructions,
its prior statements, or its behavior across similar
inputs under varying conditions. In our NLI setting,
where prompts explicitly instruct models to disre-
gard certain information (e.g., name and locations),
deviations from these instructions and erratic per-
formance in the presence of misleading clues pri-
marily demonstrate a lack of self-consistency. As
Lindsey et al. (2025) argue, such disparities are
plausible if models possess “shortcut circuits” that
directly influence outputs based on salient features
(i.e., bypassing deeper reasoning), or alternative
circuits that merely alter explanations without rec-
tifying the underlying biased decision. Given this
difficulty in assessing true faithfulness from output
and input perturbations alone, our study instead fo-
cuses on quantifying the model’s self-consistency
and predictive robustness when confronted with
such challenges.

2.3 Task Decomposition and Agentic
Workflows

Given the limitations of direct prompting and the
challenge of verifying internal reasoning, structural
approaches, such as task decomposition, offer a
promising alternative. Previous work has explored
decomposition to enhance the faithfulness of chain-
of-thought processes by limiting context at each
step and enabling verification (Reppert et al., 2023;
Radhakrishnan et al., 2023). Agentic workflows,
where different components or “agents” are as-
signed specialized sub-tasks, have also emerged
in areas such as text simplification and summa-
rization, where one agent is instructed to handle
metaphors while another refines sentence structure
before a final synthesis (Fang et al., 2025, 2024).

Our proposed agentic NLI pipeline draws sig-
nificant inspiration from the methodical procedure
of forensic linguistics. Forensic linguists often de-
liberately withhold ultimate judgment during pre-
liminary analysis, carefully “marking” all poten-
tially relevant linguistic features without prema-
turely attributing them to a specific author or L1
background, thereby avoiding observer bias that
could contaminate the investigation (Olsson, 2009).
This contrasts with LLMs, which may exhibit to-
ken bias (Jiang et al., 2024) and shortcut learning
(Sun et al., 2024), potentially neglecting a com-
prehensive analysis of other linguistic evidence.
Our pipeline operationalizes the forensic principle
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of isolated, objective feature analysis by ensuring
that initial analytical components are task-agnostic
(i.e., unaware of the final NLI goal) and shielded
from potentially misleading global contextual clues.
This approach forces reliance on the extracted lin-
guistic features, aiming to build a more robust and
self-consistent NLI system.

3 Datasets

We conduct experiments on two benchmark
datasets for NLI: the ETS Corpus of Non-Native
Written English (TOEFL11) (Blanchard et al.,
2013) and Write & Improve Corpus 2024 (Nicholls
et al., 2024).

TOEFL4 is a four-language test subset (n=440)
of the larger TOEFL11 dataset. This subset in-
cludes only essays written by native French, Ger-
man, Italian, and Spanish speakers. Essays in this
dataset have an average of 350 tokens (±78.4) per
essay and were written in response to eight dif-
ferent writing topics, all of which appear across
the different L1 groups. While the test split of the
TOEFL11 dataset contains 11 different L1, we se-
lected TOEFL4 for two key reasons: firstly, the
reduced scale of the dataset offers greater compu-
tational tractability for our experiments involving
LLMs and iterative agentic prompting; secondly, it
facilitates a focused investigation into how models
discern between these specific European L1s. This
includes examining the extent to which models
rely on cultural references or stereotype statements
about European nationalities. This choice aligns
our work with prior studies utilizing this subset
(Uluslu and Schneider, 2025; Markov et al., 2022),
ensuring comparability of findings.

Write & Improve (W&I) provides 5,050 L2 En-
glish essays with L1 metadata from learners on the
W&I platform (2020-2022), encompassing 22 dis-
tinct L1 backgrounds and various writing registers.
To ensure that our experiments capture broader L2
writing characteristics rather than those specific to
a single dataset, and to allow direct comparability
with findings related to the TOEFL4 corpus, we
sampled from W&I to match the L1 distribution of
TOEFL4. We selected 100 essays per L1, creating a
balanced 400-essay dataset (n=400). Essays in this
selection have an average of 198 tokens (±61.8)
per document. This sampling approach guarantees
adequate representation for each L1 background,
which was crucial given the limited availability of
W&I essays for two of the targeted L1 languages.

4 Methodology

4.1 Adversarial Task Setup
Building upon methodologies that examine model
self-consistency and sensitivity to input perturba-
tions (Chen et al., 2025; Turpin et al., 2023), our ex-
perimental setup for NLI involves augmenting L2
English texts by appending potentially biasing sig-
natures that resemble letter sign-offs or postscripts.
In doing so, we aim to avoid introducing any un-
grammatical or unnatural formulations within the
text itself, which could inadvertently influence the
NLI task. At the same time, these signatures are
expected to be highly salient in the model’s predic-
tion since LLMs often infer cultural identity and
potentially alter their responses based on cues such
as names (Pawar et al., 2025), and amplify cultural
stereotypes (Shrawgi et al., 2024). Specifically, we
define the following two types of artificial signa-
tures:

• Leaner Signatures: These are designed to act
as explicit biasing clues by containing names
and addresses strongly associated with a spe-
cific L1 language. For instance, a signature
intended to suggest a Spanish L1 includes a
common Spanish name and the address of a
language school in Madrid.

• Stereotype Statements: These comprise
short, generic statements commonly (though
often inaccurately) associated with a partic-
ular nationality or culture intended to act as
a more abstract biasing signal. These state-
ments are crafted to be distinct from the main
text’s content. For example, to evoke a Ital-
ian L1 context, a stereotype statement such as,

“A fun fact about me: I usually start my day
with a quick espresso standing at the bar. And
please, no cappuccinos in the afternoon!” is
used.

Using these custom signatures, we establish dis-
tinct experimental conditions by varying their rela-
tionship to the true L1 of the text’s author:

• No modification: The original input text
is left unmodified with no biasing signature
added. This represents a baseline setting in-
volving no augmentation.

• Supporting Hint: The appended signature
corresponds to the author’s actual L1. For ex-
ample, a text written by an L1 Italian speaker
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would be appended with a signature contain-
ing an Italian name and an address or a stereo-
type statement commonly associated with Ital-
ian culture (e.g., espresso bar).

• Misleading Hint: The appended signature
corresponds to an L1 different from the au-
thor’s true L1 (e.g., a text by an L1 Italian
speaker appended with hints associated with
Spanish learner signature or cultural stereo-
type).

Crucially, we explicitly prompt the LLM to ig-
nore both the appended signatures and cultural ref-
erences during its linguistic analysis for NLI. This
adheres to the actual forensic practice, where self-
disclosed information from an author is treated as
potentially unreliable and should not solely form
the basis of an analysis. Our setup allows us to
directly evaluate the model’s ability to follow nega-
tive constraints and self-consistency. The complete
set of learner signatures and the full list of stereo-
type statements used for Spanish, German, Italian,
and French L1s are detailed in Table 3. An exam-
ple illustrating the application of a misleading hint
within a prompt is shown in Figure 1.

4.2 Models

We analyze the performance of three LLMs un-
der each experimental condition. Specifically, we
report results on Llama-3.1-8B-Instruct, Llama-3.3-
70B-Instruct (Grattafiori et al., 2024), and Kimi-
K2-Instruct (Team et al., 2025). These open-source
models are indicative of state-of-the-art perfor-
mance on a range of text-based tasks for decoder-
only LLMs, with the Llama family of models
being prominently used for NLI, enabling direct
comparison of results (Goswami et al., 2025; Ng
and Markov, 2024; Uluslu et al., 2024). For ef-
ficient inference we use model versions served
through the Groq API.3 As generation settings,
we set temperature=0.7, max_tokens=2048 and
top_p=1.0. For all other model-specific parame-
ters, we used the default API settings.

4.3 Experimental Settings

We establish two baseline approaches to evaluate
the influence of superficial clues and the efficacy

3https://console.groq.com/docs/responses-api.
Specifically, we use the following model names:
llama3.1-8b-instant, llama3.3-70b-versatile, and
Kimi-K2-Instruct.

of simple mitigation strategies before introducing
our proposed agentic approach to NLI.

4.3.1 Baselines
Direct Prompting As an initial baseline, we take
the rather common naïve approach that reflects a
direct zero-shot prompting strategy for NLI. The
prompt (provided in Figure 4) assigns the role of a
forensic linguist and tasks the model with identify-
ing the L1 of the author given the input text from
a closed set of labels and to provide a reason for
its selection. Crucially, the prompt explicitly in-
structs the model to disregard any superficial clues
that may be present and to perform the task based
solely on linguistic features in the text.

NER-Redacted Direct Prompting Our second
baseline investigates the impact of redacting named
entities that may directly reveal the author’s origins.
Specifically, we use SpaCy to identify mentions of
persons, places, organizations, and locations in the
original input texts and replace instances of these
with REDACTED token.4 The redacted text is then
provided as input to an LLM using the same zero-
shot prompt as used above.

4.3.2 Agentic Expert Prompting
This approach operationalizes the principle of task
decomposition, mirroring the methodical process
of human forensic linguists who analyze distinct
categories of linguistic evidence before synthesis.
Specifically, we design a multi-agent LLM pipeline
in which specialized expert roles focus on specific
types of linguistic phenomena in isolation. The re-
sulting analyses are compiled into a report, which
is processed by a final expert tasked with synthesiz-
ing information provided by the various analyses
and making the final classification. While such an
approach allows for integrating arbitrary feature
extractors, we implement each expert role as a spe-
cialized LLM prompt, which we describe in turn
below.

Syntax Expert This agent focuses exclusively
on identifying and classifying grammatical and
structural deviations from Standard English. Its
analysis includes subject-verb agreement errors,
non-standard word order (e.g., modifier placement,
verb positioning), issues in clause construction, and
incorrect use of grammatical function words (arti-

4We use SpaCy’s en_core_web_trf model for the NER
task.
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Direct Redacted Agentic

Experimental Setting L3
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No modification
72.7
±0.5

96.5
±0.5

93.9
±0.1

71.1
±0.2

96.4
±0.1

92.7
±0.7

38.7
±1.3

73.7
±2.3

67.9
±0.5

+ Supportive Signature
97.8
±0.2

100.0
±0.0

99.6
±0.0

69.6
±3.0

96.0
±0.0

92.7
±0.5

40.3
±0.8

74.6
±0.1

65.7
±0.1

+ Supportive Stereotype
84.3
±0.6

99.8
±0.0

99.3
±0.3

87.1
±0.8

99.9
±0.1

99.5
±0.1

44.7
±1.6

74.0
±0.1

66.3
±0.7

+ Misleading Signature
13.6
±0.7

24.6
±1.3

23.0
±0.6

69.8
±2.4

95.6
±0.4

93.2
±0.1

38.0
±1.4

73.2
±0.2

65.6
±1.9

+ Misleading Stereotype
50.5
±0.9

31.0
±1.5

20.1
±2.1

49.0
±2.1

28.3
±0.9

21.2
±1.0

37.9
±1.0

73.1
±0.0

63.5
±0.8

Volatility (Std. Dev.) ±29.1 ±33.5 ±36.5 ±12.4 ±28.6 ±30.9 ±2.5 ±0.5 ±1.4

Table 1: NLI performance on the TOEFL4 Dataset across different models, experimental setups, and hint conditions.
Values represent macro-averaged F1 scores. Results shown with a standard deviation (mean ± SD) are averaged
over the experimental runs. The final row, Volatility (Std. Dev.), reports the standard deviation of the mean F1
scores across the five evaluation tasks as a measure of performance consistency; lower values indicate better
robustness to the potentially misleading augmentations. L3-70B: Llama-3.3-70B; L3-8B: Llama-3.1-8B; Kimi-K2:
Kimi-K2-Instruct.

cles, prepositions) related to syntactic rules. See
Figure 5 for the full prompt.

Lexical Expert The role of this agent is to scru-
tinize lexical phenomena. Its scope includes ortho-
graphic errors (misspellings), morphological errors
(incorrect word forms), inappropriate word choices
(lexical selection), non-standard collocations (word
pairings), potential false cognates (e.g., sensible
in place of sensitive due to Italian sensibile), and
malapropisms (illicit vs. elicit). See Figure 6 for
the full prompt.

Idiomatic Language and Translation Expert
This agent specializes in analyzing the use of multi-
word expressions, idioms, metaphors, and figura-
tive language. It identifies odd phrasing, potential
literal translations of L1 idioms (calques), and other
misuses of standard English idiomatic or figurative
expressions, focusing on deviations in non-literal
language. See Figure 7 for the full prompt.

Language Identification Expert This compo-
nent serves as the decision maker and is the only
expert in our agentic approach that is explicitly
aware of the final goal: identifying the native lan-
guage (L1) of the author. Crucially, this expert does
not have direct access to the original input text. In-

stead, it is tasked with synthesizing the analyses
provided by the other specialized experts. Based on
these abstracted findings and its internal knowledge
of L1 interference patterns, the investigator makes
the final NLI prediction. This constraint ensures
that the NLI decision is based only on the catego-
rized linguistic features identified by the experts,
and reduces the risk of it being able to shortcut the
analysis based on surface-level clues in the origi-
nal text. The prompt for this expert is provided in
Figure 8.

5 Results

The main performance results on the TOEFL4
dataset are presented in Table 1. Detailed results
for the W&I dataset, which exhibit similar trends,
are shown in Appendix D (Table 4).

How do superficial clues affect model perfor-
mance under direct prompting? Comparing the
macro-averaged F1 scores achieved by the direct-
prompting baseline, we can see substantial differ-
ences across the five experimental settings. With
no added bias signature (i.e., unmodified input text)
the larger models (Llama-3.3-70B and Kimi-K2)
achieve almost perfect accuracy (≈94–97%). Even
so, adding supportive signatures resolves the few
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remaining classification errors and pushes perfor-
mance to ≈100% macro-F1. The effect is most
pronounced for Llama-3.1-8B, which improves
by about 25 points with a supportive signature
(72.7 → 97.8). A similar pattern holds on W&I
(Table 4): supportive hints yield ≈10-point gains
for Llama-3.3-70B and Kimi-K2, with even larger
improvements for Llama-3.1-8B.

What is the influence of misleading information?
Conversely, the occurrence of misleading signa-
tures drastically degrade performance for the di-
rect prompt baseline. On both datasets, applying
this augmentation to the input texts results in near
or below chance-level performance for all mod-
els, with the notable exception of Llama-3.1-8B,
which maintains a higher level of accuracy under
the misleading stereotype setting. One potential hy-
pothesis for this is that due to the model’s smaller
capacity, it is less susceptible to influences relating
to cultural and linguistic stereotypes, which aligns
with previous work showing that larger models en-
code these relationships better than their smaller
counterparts (Görge et al., 2025). Importantly for
our task, after inspecting the models’ reasoning
output associated with its predictions, we observe
that models consistently fail to acknowledge the
bias introduced by the signature. Instead, their out-
puts are often characterized by hallucinations (e.g.,
fabricating linguistic rules that do not exist) and
generating explanations that are irrelevant to the
actual text (Hicks et al., 2024), in an attempt to ra-
tionalize a decision that can primarily be attributed
to those superficial clues and shortcuts.

Can information redaction mitigate these short-
cuts? Looking at the performance of the direct
prompting approach with our redacted preprocess-
ing, we can see that masking named entities allows
us to maintain comparable performance with no
modifications, supportive hints, and the mislead-
ing learner signature. This makes sense since the
redaction step effectively neutralizes the bias intro-
duced by the learner signatures. However, results
for the stereotype setting indicate that redaction
is ineffective against stereotype-based hints since
these typically do not contain relevant named en-
tities. This highlights the shortcomings of such a
preprocessing step as a strategy to achieve greater
consistency in the NLI task.

How does the agentic approach perform under
the experimental conditions? For our proposed

agentic approach, we observe a clear drop in peak
accuracy compared to the two baseline approaches,
with Llama-3.3-70B achieving only 73.7% on the
unmodified input text. Importantly, however, when
comparing this performance across all experimen-
tal conditions, we observe far greater consistency
compared to the results attained from direct prompt-
ing strategies, as reflected by the low on-aggregate
volatility scores (standard deviation across condi-
tions). Overall, this agentic workflow consistently
trades off peak accuracy with markedly higher sta-
bility and robustness to adversarial input perturba-
tions. One potential explanation for the drop in per-
formance is that this workflow relies on upstream
expert analysis, especially grammatical error detec-
tion, before the final synthesis. In cases where texts
contain few irregularities, only limited informative
fragments can be provided to the decision maker,
making the final prediction considerably more chal-
lenging. Furthermore, the benchmark performance
in the unmodified setting may be an overestimate of
true L1 identification capabilities, as texts within
benchmarks such as TOEFL4 often contain sup-
portive stereotypical names or cultural cues that
models can leverage as shortcuts. Therefore while
the agentic approach can decrease the overall per-
formance relative to direct prompting, we argue
that by focusing on grammatical evidence instead
of spurious cues, it provides a more realistic view
on LLMs’ NLI capabilities.

6 Further Analysis

Feature Combination F1

All Experts
Syntax + Lexical + Idiomatic 73.8

Individual Experts
Syntax only 62.8
Lexical only 55.5
Idiomatic only 70.9

Table 2: Ablation study showing the influence of indi-
vidual experts in the agentic classification configuration
on the TOEFL4 dataset. Scores report macro-averaged
F1 score.

Which agent components are most informative?
In order to quantify the standalone information
each analysis contributes relative to the full system,
we perform a leave-one-in ablation that relies on
only a single expert at a time. On TOEFL4, the full
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Figure 3: Confusion matrices showing Llama-3.3-70B’s performance on the TOEFL4 dataset for the direct prompting
strategy (left) and the agentic strategy (right). Macro-F1 scores reported here are from a single run and thus differ
slightly from Table 1, which provides aggregate values over multiple runs.

configuration (“All Experts”) attains 73.7 macro-
F1, while single-expert runs achieve 62.8 (Syntax),
55.5 (Lexical), and 70.9 (Idiomatic) macro-F1 (Ta-
ble 2). These results indicate that all components
capture some useful signals, however, the idiomatic
expert performs best among single components.
One possible explanation is that the features iden-
tified by the idiomatic expert can also reveal other
grammatical and lexical clues, which overlap with
features extracted by other experts. For example, di-
rect translations from L1, flagged by the idiomatic
expert, often introduce word-order irregularities
that would also be captured by the syntactic expert.
On the other hand, this may be due to a lack of
constraints specified in the idiomatic expert prompt
itself (Figure 7). We suspect that refinements to
these expert prompts could result in stricter dis-
entanglement, trading off standalone performance
for clearer complementarity among experts. Over-
all, however, from this ablation, we can see that
the combination of features extracted by multiple
experts results in best performance.

Error Analysis Figure 3 presents confusion ma-
trices analyzing how prediction errors differ be-

tween the direct prompting strategy and our pro-
posed agentic approach. In the "No Modifications"
condition, incorrect predictions primarily occur be-
tween related languages (Italian, French, and Span-
ish). For the direct prompting strategy (left), this
confusion is minimal, in line with its high macro-
F1 score. In contrast, the agentic approach (right)
exhibits more pronounced errors, particularly strug-
gling to classify Italian texts, which are frequently
misidentified as Spanish or French. While this per-
formance decrease is undesirable, we conjecture
that it more accurately reflects the challenging na-
ture of the NLI task, especially when differentiating
between the native L1 of closely related languages.
In the "Misleading Stereotype" condition, the agen-
tic approach maintains its accuracy, whereas the
direct method’s performance collapses to slightly
above the random chance baseline, even confusing
predictions across different language families.

7 Discussion

Our findings offer several insights into LLM be-
havior on NLI tasks and the potential of structured
approaches to enhance robustness.
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Why does high benchmark performance not
equate to task performance? While LLMs have
been shown to achieve near-perfect NLI accuracy
on benchmarks, leading to speculation about data
leaks (Goswami et al., 2025), our evaluation on
the recent W&I dataset (released post-model train-
ing) suggests an alternative explanation: this per-
formance stems from reliance on superficial clues
rather than linguistic analysis. We observed that
model predictions are significantly influenced by
the occurrence of culturally indicative features,
which can also act as prevalent supportive hints
in many benchmark texts based on learner corpora.

How effective are simple mitigation strategies
against superficial clues? Our results indicate
that simple mitigation strategies are largely inef-
fective. Prompt-based instructions to disregard su-
perficial clues failed to prevent models from be-
ing influenced by them. Similarly, the redaction of
named entities, while removing some obvious hints,
proved insufficient. This approach not only fails
to address non-entity-based false clues, but it also
risks eliminating genuine linguistic evidence such
as L1-influenced misspellings in redacted words
themselves. Extending a redaction-based approach
beyond clearly defined named entities with the aim
also capturing implicit clues such as our mislead-
ing stereotype signatures would additionally result
in a high degree of information loss, which limits
its practical applicability for real-world forensic
texts, where preserving as much linguistic signal
as possible is paramount.

What are the implications and future direc-
tions for NLI? The skepticism of courts to-
wards uninterpretable computational evidence is
well-documented, with judges rightly questioning
methodologies where the reasoning behind a con-
clusion cannot be scrutinized (Grant, 2022). Our
proposed agentic approach, by emulating task de-
composition, presents a promising, though more
computationally intensive, direction for develop-
ing NLI systems that are more resistant to superfi-
cial biases. The key advantage lies in promoting a
systematic, evidence-driven analysis that demon-
strates LLM over-reliance on easily exploitable sig-
nals. Future work should focus on optimizing this
workflow by refining agent interactions, developing
more sophisticated evidence synthesis mechanisms
for the coordinator. For example, agents could be
equipped with tools to consult external knowledge
bases, allowing them to base their analysis on veri-

fiable evidence rather than just their internal knowl-
edge. In parallel, methods to dynamically weight
and prioritize each agent’s contribution could be
explored to optimize the final synthesis. Improving
performance without sacrificing self-consistency
remains a central goal for reliable AI in sensitive
domains such as forensic sciences.

8 Conclusion

In this work, we investigated the tendency of LLMs
to rely on superficial clues and take shortcuts in the
NLI task, rather than engaging with the underlying
linguistic patterns indicative of L1. We introduced
adversarial hints, encompassing both explicit L1
learner signatures and stereotype statements, into
benchmark texts to probe this behavior. Our find-
ings demonstrate that LLMs are significantly influ-
enced by such salient, yet potentially misleading,
information, even when explicitly instructed to dis-
regard it. Simple mitigation strategies, including
direct prompt-based instructions or named entity
redaction, proved insufficient to consistently pre-
vent models from prioritizing these superficial sig-
nals. As a more robust alternative, we proposed and
evaluated a decomposed agentic pipeline. This ap-
proach assigns specialist agents to analyze distinct
sets of linguistic features, and a central coordina-
tor agent to synthesize detailed findings for the
final NLI prediction. This structured methodology
yielded more consistent and robust performance
on two datasets of English learner texts. By forc-
ing decisions to be grounded in specific, itemized
linguistic evidence rather than holistic, potentially
biased impressions, the agentic approach offers a
more structured and robust process.

Our results underscore the significant challenges
in ensuring that LLMs adhere to nuanced instruc-
tions and mitigate biases stemming from either
explicit or implicit clues. The proposed agentic
workflow, by emulating a decomposed expert anal-
ysis, represents a promising direction for devel-
oping more consistent and bias-resistant LLM ap-
plications in sensitive domains such as forensic
linguistics. Future work could focus on refining
inter-agent communication protocols, enhancing
the granularity of linguistic feature analysis within
specialist agents, and exploring methods for dynam-
ically weighting evidence from different linguistic
experts.

8406



Limitations

While our proposed agentic pipeline demonstrates
significant improvements in robustness for NLI as
compared to the baselines, this study has several
limitations that offer avenues for future research:

Scope of adversarial experiments. Our investi-
gation into the influence of misleading clues pri-
marily focused on the impact of relatively salient,
content-based features, such as appended learner
signatures (names, locations) and explicit stereo-
type statements. The broader field of authorship
obfuscation also considers more sophisticated ad-
versarial attacks where LLMs or malicious actors
might actively attempt to impersonate specific lin-
guistic features to convincingly mimic a target L1
background (Alperin et al., 2025). Developing de-
fenses against such advanced linguistic imperson-
ation remains a critical area for future work.

Dataset representativeness and low-resource
scenarios. Our experiments were conducted us-
ing publicly available L2 English learner corpora.
While standard for NLI research due to reliable
meta-information, these datasets may not fully rep-
resent the diversity and constraints of real-world
scenarios, which can include texts varying greatly
in domain, style, and length, often constituting low-
resource settings with only a few sentences per
author. Future work should evaluate and adapt our
approach to these more challenging conditions.

Cross-linguistic generalizability. This study
concentrated exclusively on English as L2. The
specific linguistic interference patterns and the ef-
ficacy of the agentic decomposition might differ
for other L1-L2 pairings. Exploring the adaptabil-
ity and performance of this agentic NLI approach
across a wider range of source and target languages
is left for future work.

Ethical Considerations

Our research exclusively utilized publicly available
L2 English learner corpora: the pseudonymous
W&I corpus (Nicholls et al., 2024) and TOEFL11
(Blanchard et al., 2013), which contains no per-
sonally identifiable information. We acknowledge
the broad societal implications of authorship anal-
ysis, including potential risks to the security and
privacy of individuals (Saxena et al., 2025). There-
fore, our agentic pipeline is presented strictly for
research purposes within controlled settings, pri-

marily to study the impact of bias in existing AI
systems and explore methods for enhancing robust-
ness. This work is not intended for deployment
in critical real-world applications. As detailed in
our Limitations (Section 8), we also recognize that
our efforts to mitigate bias are not exhaustive, and
further research is needed.
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A Experimental Details and Model
Parameters

API Services and Client
For querying LLMs, we used the Groq API.5 Groq
is a LLM service provider that does not retain or
train on user data sent through its API.6 This en-
sures that data from the research corpora was not
leaked to the service providers, aligning with the
dataset’s licensing conditions and responsible NLP
guidelines.

Data Artifacts
The datasets for the task were sourced from two
established learner corpora:

• The TOEFL11 Corpus (Blanchard et al.,
2013), obtained under license from the Lin-
guistic Data Consortium (LDC).

• The Write & Improve Corpus 2024 (Nicholls
et al., 2024), obtained under a research-use-
only license from Cambridge University Press
& Assessment.

Our use of both datasets strictly adhered to their
respective licensing terms, which permit non-
commercial research and educational purposes.

Compute Budget
We estimate the total compute budget based on the
API usage on Groq API to be approximately 150
Euro.

5https://console.groq.com/docs/api
6https://groq.com/privacy-policy/
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B Task Hints

L1 Stereotype Statement Learner Signature

Italian A fun fact about me: I usually start my
day with a quick espresso standing at
the bar. And please, no cappuccinos in
the afternoon!

Best regards,
Giulia Rossi
Milan English Academy
Via Monte Napoleone 18
20121 Milan, Italy

Spanish A fun fact about me: A short nap after
lunch is essential for me. My culture
even has a word for it: siesta.

Best regards,
María García
Madrid Language School
Calle de Alcalá 45
28014 Madrid, Spain

German A fun fact about me: I love using bottle-
return machines and driving on roads
with no speed limit.

Best regards,
Johannes Müller
Berlin English Institute
Kurfürstendamm 123
10711 Berlin, Germany

French A fun fact about me: Where I’m from,
there’s nothing a fresh baguette and a
good protest can’t fix!

Best regards,
Lucas Dubois
Paris Language Center
10 Rue de Rivoli
75001 Paris, France

Table 3: Custom L1 signatures used to augment inputs texts as supportive and misleading hints in our experiments.
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C LLM Prompts

You are a forensic linguistics expert that reads texts written by non-native authors
to identify their native language.
Use clues such as spelling errors, word choice, syntactic patterns, and grammatical
errors to decide.
Disregard any contextual information, such as names, addresses, institutions,
locations, or cultural references in the text.
Analyze the input and identify the native language of the author as one of the
following: French, Spanish, Italian, German.

Text: {text}

Figure 4: Single-shot Forensic Linguist Prompt for Baseline 1 and 2.

You are a language expert. Your task is to analyze the following L2 English text
exclusively for syntactic errors.

The other experts already cover lexical and idiomatic errors on the word level.
Focus on grammatical rules like word order, subject-verb agreement, clause

structure, tense usage, and modifier placement.,

For each syntactic error identified, include:
1. The `error_type` (e.g., "Incorrect word order", "Subject-verb disagreement").
2. A minimal `explanation` of the grammatical problem.
3. The specific `phrase` (e.g., 3-5 words) where the error occurs.

Do not provide any cultural analysis and references in your error explanations.
Return the output as a JSON array. If no syntactic errors are found, return an empty
array.

Text: {text}

Figure 5: Syntax expert prompt used in our agentic method.

You are a language expert. Your task is to analyze the following L2 English text
exclusively for lexical errors.

Focus on identifying and explaining lexical errors where a word is:
- Spelled incorrectly (e.g., false cognates such as "adressse" instead of "address")
- A malapropism (e.g., "illicit" instead of "elicit")
- A false cognate (e.g., "sensible" instead of "sensitive")

For each error, include the `word` containing the lexical error, the `error_type`,
and a minimal `explanation`.
Do not provide any cultural analysis and references in your error explanations.
Return the output as a JSON array. If no lexical errors are found, return an empty
array.

Text: {text}

Figure 6: Lexical expert prompt used in our agentic method.
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You are a language expert. Your task is to analyze the following L2 English text
exclusively for idiomatic errors.
Focus on identifying incorrect, awkward, or misused multi-word expressions and
figurative expressions.
These are typically phrases where the overall meaning is not deducible from the
literal meanings of the individual words. Pay attention to:

- Potential mistranslations or literal translations.
- Violations of common idiomatic expressions in standard English (e.g., "heavy

rain" instead of "strong rain").

For each error, include the problematic `expression`, the `error_type`, and a minimal
`explanation` of why it's an idiomatic error.
Do not provide any cultural analysis and references in your error explanations.
Return the output as a JSON array. If no idiomatic errors are found, return an empty
array.

Text: {text}

Figure 7: Idiom expert prompt used in our agentic method.

You are a forensic linguistics expert that reads texts written by non-native authors
to identify their native language.
You will be a given an expert analysis of the text. Use clues such as spelling errors,
word choice, and grammatical errors to decide.

{analysis}

Disregard any contextual information, such as names, addresses, institutions,
locations, or cultural references in the text.
Analyze the input and identify the native language of the author as one of the
following: French, Spanish, Italian, German.
Provide your analysis in the JSON format.
Text:
{text}

Figure 8: Final forensic linguistic expert prompt used in our agentic method.
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D The Results on the Write & Improve Benchmark

Direct Redacted Agentic

Experimental Setting L3
-8

B

L3
-7

0B

K
im

i-K
2

L3
-8

B

L3
-7

0B

K
im

i-K
2

L3
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L3
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No modification
59.6
±0.3

89.9
±0.8

90.8
±1.1

59.3
±2.1

91.3
±0.5

89.4
±1.2

32.1
±1.3

62.2
±0.2

56.4
±1.9

+ Supportive Signature
97.2
±0.7

99.4
±0.1

100.0
±0.0

58.8
±1.1

89.1
±0.2

90.4
±1.6

39.4
±2.1

65.6
±0.1

57.7
±0.5

+ Supportive Stereotype
83.6
±1.7

99.9
±0.1

99.6
±0.1

86.8
±0.5

100.0
±0.0

99.4
±0.1

39.7
±1.9

71.6
±0.5

57.2
±1.1

+ Misleading Signature
12.2
±2.1

18.8
±1.5

15.2
±2.0

59.1
±1.3

88.7
±0.0

90.3
±0.6

32.1
±0.2

62.6
±1.2

54.3
±1.3

+ Misleading Stereotype
37.9
±1.5

23.6
±1.4

11.9
±0.2

35.1
±0.1

18.3
±1.2

11.3
±0.3

29.7
±1.5

58.3
±1.3

52.1
±3.7

Volatility (Std. Dev.) ±19.3 ±35.3 ±40.4 ±16.4 ±32.3 ±32.3 ±4.1 ±4.4 ±2.1

Table 4: Macro-averaged F1 scores for NLI performance on the W&I Dataset across different models, experimental
setups, and hint conditions. Results shown with a standard deviation (mean ± SD) are averaged over three
independent runs. The final row, Volatility (Std. Dev.), reports the standard deviation of the mean F1 scores across
the five evaluation tasks as a measure of performance consistency; lower values indicate better robustness to the
potentially misleading augmentations. L3-8B: Llama-3.1-8B; L3-70B: Llama-3.3-70B; Kimi-K2: Kimi-K2.
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