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Abstract

Large language models (LLMs) are often assumed to generalize easily across linguistic contexts, yet their ability
to adapt to genre variation remains underexplored. This study examines that question through a French Named
Entity Recognition (NER) task conducted on NEM.FR, a multi-genre corpus annotated with gold named entities (NEs)
spanning 11 text types, from legal and encyclopedic prose to poetry, political speech, and online discourse. We
evaluate the reasoning-oriented model DeepSeek R1 across six prompting configurations (zero-, one-, and few-shot,
with and without chain-of-thought reasoning), while keeping the annotation scheme, prompting format, and evaluation
pipeline constant to isolate the role of genre. Performance is measured using both strict and fuzzy F1-based metrics.
The results show that prompting choices have little effect once the model has learned the task format, but that genre
differences strongly influence outcomes: fuzzy F1 scores range from about 0.85 in formal genres to below 0.20 in
informal ones. Even under tightly controlled conditions, LLM behaviour proves highly sensitive to textual regularity

and stylistic variation, highlighting genre as a key factor in assessing model robustness.

Keywords: Named Entity Recognition, Large Language Models, Information Extraction

1. Introduction

Recent advances in Large Language Models
(LLMs) have renewed interest in their capacity to
process and generalize across a wide range of
linguistic contexts. Although such models are fre-
quently described as adaptable to heterogeneous
input, it remains unclear how far this adaptability ex-
tends when the textual and stylistic properties of the
input diverge from those most represented during
pre-training (Gururangan et al., 2020). Changes in
genre or communicative context typically lead to dif-
ferences in lexical density, sentence structure, and
discourse coherence, which may influence how a
model interprets and segments linguistic units (Be-
linkov and Glass, 2019). Evaluating these aspects
in a controlled and transparent manner is therefore
necessary to understand the limits of LLM robust-
ness beyond general benchmarks.

The present paper addresses this issue by
evaluating the behaviour of a single model,
DeepSeek R1, and explores its performance on
a Named Entity Recognition (NER) task applied to
genre-diverse data. The purpose, rather than com-
paring systems, is to provide a more fine-grained
assessment of how a single reasoning-oriented
model behaves under increased genre diversity.
We employ NER as a task, as it offers a linguis-
tically transparent framework and is notably re-

sponsive to cross-genre variation, making it a co-
herent test case for assessing robustness in lan-
guage modeling. The evaluation is conducted on
NEM.Fr (Seghier and Millour, 2026), a corpus com-
prising documents (approximately 48,600 tokens)
distributed across 11 genres. By providing a uni-
fied annotation framework across such diverse text
types, this corpus aims to fill a gap in the availabil-
ity of evaluation datasets that account for stylistic
and structural variation beyond standard web or
news corpora. In addition to widely studied genres
such as encyclopedic, news (information), multi-
source, prose, poetry, and spoken texts, NEM.rFr
includes less typical and domain-specific genres
such as biomedical, legal, defense, mails, politi-
cal, and tweets. These categories introduce both
domain-specific terminology and stylistic variation,
allowing for a more detailed examination of cross-
genre stability.

The experimental protocol used in this study
builds on a series of preliminary evaluations that
tested the robustness of LLMs in handling widely
studied genres using prompting methods applied
to an NER task on French data. These prior exper-
iments informed the current setup, which retains
the same annotation scheme, tag set, prompting
strategies, post-processing pipeline, and evaluation
metrics. By maintaining a consistent experimental
design, the present study ensures that observed
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differences in model behavior are attributable pri-
marily to the broader genre coverage and increased
domain diversity introduced in the corpus. The aim
is to characterize the extent to which LLM perfor-
mance varies with textual genre under consistent
experimental control and to identify potential indi-
cators of robustness in genre-diverse NER evalua-
tion .

2. Related Work

LLMs have demonstrated impressive versatility
across numerous NLP tasks, from translation to
summarization and information extraction (Brown
et al., 2020; Chowdhery et al., 2022), largely due to
their large-scale pretraining on the heterogeneous
textual data, which enables such models to abstract
away from surface-level linguistic variation.

Yet empirical studies reveal that this assump-
tion does not always hold. Domain and register
shifts often cause marked performance degrada-
tion, particularly in underrepresented or stylistically
divergent text types (Hendrycks et al., 2021; Liu
et al., 2021). Beyond domain-level variation, lin-
guistic genre introduces subtler but equally conse-
quential differences in form, syntax, and discourse
organization. Despite its relevance for downstream
tasks, genre remains underexplored compared to
domain adaptation or stylistic robustness. Evalu-
ating model behavior across genres thus provides
a more granular test of adaptability in real-world
conditions.

NER has long served as a diagnostic task
for semantic interpretation and text understand-
ing (Nadeau and Sekine, 2007; Marrero et al.,
2013). Recognition accuracy in classical models,
whether rule-based, statistical (Bikel et al., 1997)
or later neural (Lample et al., 2016; Devlin et al.,
2019), has been shown to depend heavily on textual
characteristics of the input. Derczynski et al. (2017)
conduct a detailed evaluation of NER and Linking
systems across multiple textual genres, with a focus
on noisy, user-generated content such as Twitter.
Their findings show that systems trained on formal
genres, such as news wires, experience signifi-
cant performance drops (up to 30 F1 points) when
applied to informal or domain-specific text. The
study attributes this decline to differences in sur-
face structure, lexical variation, and genre-specific
entity types, highlighting the strong dependence of
NER accuracy on genre and register. In French,
additional difficulties arise from multi-word entities
and flexible syntactic realization, which complicate
span alignment (Ehrmann et al., 2011). Because it

'Our code is available in the following repository: ht
tps://github.com/Xziyan/Evaluating- the-Adaptab
ility-of-Large-Language-Models-to-Linguistic-V
ariation

links surface linguistic form to semantic interpreta-
tion, NER offers a practical way to study how genre
variation affects model robustness.

With the rise of prompting methods, NER can
now be done without fine-tuning. In this approach,
a model is guided by natural-language instructions
to identify and label entities directly in text (Li et al.,
2021). This method relies on LLMs’ in-context learn-
ing ability but also makes the results dependent
on how the prompt is written and how the output
is structured. Comparative studies (Sclar et al.,
2024; He et al., 2024; Errica et al., 2024) show that
small changes in wording, formatting, or the order
of examples can noticeably affect performance. Al-
though these works underscore the influence of
prompt design, few have examined how linguistic
or stylistic differences in the input text affect the
results, particularly beyond English. For French, it
remains unclear whether genre variations beyond
domain or vocabulary affect how these models per-
form on NER when prompted.

Existing French NER corpora typically target spe-
cific genres or domains. ESTER and Queero fo-
cus on broadcast news and speech (Gravier et al.,
2004; Galibert et al., 2010) , while Sequoia (Candito
and Seddah, 2012a) and FTB-NE (Abeillé et al.,
2000) represent formal written text. Automatically
derived resources such as WIikiNER (Nothman
et al., 2013) and WikiANN (Pan et al., 2017) extend
multilingual coverage but remain confined to en-
cyclopedic registers and contain annotation noise.
Domain-specific datasets, such as Quaero Medi-
cal (Névéol et al., 2014), offer depth but limited ac-
cessibility. The FENEC corpus (Millour et al., 2022)
occupies a unique position as a freely licensed,
multi-genre French benchmark annotated under a
unified Queero-derived schema. Prior evaluations
on FENEC revealed marked genre effects in both
rule-based and neural models (Millour et al., 2024),
underscoring the need for further investigation with
LLMs and prompting frameworks.

3. Methodology

3.1. Corpus Design

To conduct our study, we used the corpus NEM.Fr?
(Named-Entities Multigenre French Corpus), an
extensively enriched version of FENEC (FrEnch
Named-entity Evaluation Corpus) (Millour et al.,
2024). While FENEC provides a valuable foun-
dation for French NER evaluation and textual varia-
tion studies, its scope is limited to 15,000 tokens
across 15 documents and six textual categories
(encyclopedia, information, multi-sources, poetry,
prose, spoken).

2NEM.FR is available in the following repository: http
s://github.com/ayusekyolll/NEM. fr
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Genre LOC ORG PERS PROD EVENT TIME
biomedical 61.11 11.11  13.89 0.00 0.00 13.89
defense 28.78 19.51 30.24 4.88 0.98 15.61
encyclopedia 37.96 7.51 26.78 9.44 1.35 16.96
information 4545 1223 11.29 5.33 5.64 20.06
legal 5.79 1281 1488 36.78 0.41 29.34
mail 23.38 9.95 31.84 1045 0.00 24.38
poetry 35.11 0.00 40.43 3.19 0.00 21.28
political 56.20 10.74 19.01 1.65 0.83 11.57
prose 936 591 60.10 2.96 1.48 20.20
spoken 3421 11.58 25.26 7.89 0.53 20.53
tweets 11.81 21.94 29.96 18.14 7.59 10.55

Table 1: Distribution of named entities tags across the 11 genres of the NEM.FR corpus (in percentage)

NEM.Fr significantly scales up the corpus both
in volume and diversity. In terms of volume, the
total size increases from 15,000 to approximately
51,000 tokens, and the number of documents rises
from 15 to 66. In terms of diversity, the linguistic
coverage is doubled, expanding from 6 to 11 textual
categories.

Because the original categories were unevenly
represented, NEM.FR improves the corpus’s repre-
sentativeness by enriching it with additional docu-
ments from the existing FENEC genres and by ex-
tending its coverage to new domains (political, legal,
biomedical, tweets, emails). These additions intro-
duce domain-specific and informal varieties that
differ markedly in entity density, sentence structure,
and writing style.

Particular attention was paid to gender parity
among authors in the prose category. An analysis
of FENEC revealed an overrepresentation of male
authors; consequently, NEM.FR prioritizes newly
published literary texts written by women.

The remaining texts originate from institutional
and open-source resources, including prepared
speeches by French presidents, legal decisions
from administrative courts, specialized corpora
(MORFITT (Labrak et al., 2023), POPCORN (Gior-
dano et al., 2024), ESLO (Abouda and Baude,
2005), TREMOLO (Mekki et al., 2021), WIKINER-
FR-GOLD (Cao et al., 2024)), and anonymized
emails. To ensure a homogeneous distribution
across textual categories, the samples are bal-
anced by number of tokens. Table 2 gives an
overview of the NEM.FR corpus.

Named entities were annotated on the collabo-
rative platform INCEpTIONS, following the French
QuARo named entity annotation guidelines* and
tagset (PERS, ORG, LOC, EVENT, TIME, PROD)®. Five
annotators® participated in the annotation process

3https://inception—project.github.io/

4http://www.quaero.org/media/files/bibliogra
phie/quaero-guide-annotation-2011.pdf

5The AMOUNT tag, which is uncommon, was excluded.

63 permanent researchers, 1 PhD student, 1 Master’s

Genre Period # tokens
biomedical 21st 4,446
defense 21st 4,415
encyclopedia 21st 5,677
information 21st 2,885
legal 21st 4,383
mail 21st 3,735
poetry 19th—-20th 5,631
political 20th—21st 3,308
prose 18th—20th 5,604
spoken 21st 5,209
tweets 21st 3,303

18th—21th 48,596

Table 2:  Overview of the manually annotated

NEM.FR corpus

over approximately three months. At each stage,
two annotators performed the annotation, while a
third served as curator, with the annotators alter-
nating between roles.

Table 1 shows the distribution of each named en-
tity tag across genres. Interestingly, the tweet genre
presents the most balanced (though obviously not
uniform) distribution of entity types. Unlike other
genres, in which some named entity types (such
as ORG, EVENT, or PROD) may be completely absent,
as observed in the poetry or biomedical genres,
tweets contain occurrences of every named entity
tag (PERS, LOC, ORG, EVENT, TIME, PROD).

3.2. Overview of Experimental Design

This study aims to evaluate the robustness of an
LLM on identifying and categorizing named entities
in French texts across a diverse sample of linguis-
tic genres. following the workflow depicted in Fig-
ure 1. We adopt a reduced six-label tag set: PERS,
LOC, ORG, TIME, PROD, and EVENT, derived from the
Quaero annotation schema (Rosset et al., 2011).
These categories merge finer-grained types from

student.
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Input Document

1
(1) Chunking
Split into blocks of ~10 lines
1
(2) Prompting
Prompt LLM for NER on each chunk
1
(3) Raw Output
XML + (optional) reasoning
1
(4) Extraction
Regex: keep last <root>...</root> per chunk
1
(5) Merge
Concatenate per-chunk XML in order
1
(6) Final XML
Reconstructed document-level XML

Figure 1: Workflow for chunked NER processing
and reconstruction.

the original specification to maintain semantic clar-
ity while reducing sparsity across genres. A series
of preliminary experiments was first conducted on
the FENEC corpus to determine the most suitable
experimental setup for model selection and prompt-
ing design.

Figure 2 summarizes the comparative perfor-
mance of five LLMs under a one-shot configu-
ration, where the prompt presented a concise
task description followed by a single annotated
example specifying the expected output format.
The five models compared are DeepSeek R1 (a
reasoning-optimized instruction model), DeepSeek
V3 (a general-purpose instruction-following model),
LLaMA 3 (a general-purpose model from Meta),
NemoTron (an open-source model from NVIDIA),
and Qwen3 (a multilingual model developed by Al-
ibaba). The results revealed that genre differences
led to greater performance variation than either
model architecture or prompting configuration did.
This finding motivated a more controlled study fo-
cusing on genre-related robustness, focusing on
DeepSeekR1.

3.3. Model Choice and Prompting Design

Based on the preliminary findings, DeepSeek R1
was selected for the main set of experiments be-
cause it exhibited more consistent adherence to
prompt instructions, produced more stable and
well-structured outputs with transparent reason-
ing traces, and achieved solid overall performance
across genres. Focusing on a single model allows

a more controlled analysis of within-model variation
and avoids confounding factors introduced by archi-
tectural or training differences between systems.

In the preliminary phase, five prompting strate-
gies were compared on the FENEC corpus:

» zero-shot: a short task description with no
example;

» one-shot: adds a single annotated example to
specify the expected output format;

 few-shot: includes two annotated examples;

 few-shot+: extends to six examples, one per
genre;

 few-shot adapted: uses two examples explic-
itly elaborated for each genre, drawn from ex-
ternal texts to avoid overlap with the evaluation
corpus.

Next, we present two prompt examples to illus-
trate these strategies.

One-shot prompt example

You are a high-precision named entity recognizer.

Your task is to annotate the following French text using
XML-style inline tags:

<entity type="TYPE">ENTITY TEXT</entity>

Entity types: PERS, LOC, ORG, TIME, PROD, EVENT
(... full definitions omitted)

Rules:

- Annotate entities directly in the input text.x

- Do not alter, or add any content.

Use nested tags only if one entity is fully inside
another.

Wrap the full output in <root>...</root>.

Return only valid XML.

Example Input:
"Pendant 1'exposition universelle de 1889 a Paris,
Gustave Eiffel a présenté la tour Eiffel."

<root>

Pendant 1' <entity type="EVENT"> exposition universelle
de <entity type="TIME"> 1889 </entity>

</entity> a <entity type="LOC"> Paris </entity>
<entity type="PERS"> Gustave Eiffel </entity>

a présenté <entity type="PROD"> la tour Eiffel
</entity>

</root>

Now process the following input: {text}

. J

CoT prompt example

Same as the previous few-shot configuration, but with an
additional reasoning instruction before generation:

"Before producing the final answer, think step by step:

1. Carefully read the text and identify all spans

referring to named entities.

2. Determine the correct TYPE for each entity based

on context.

3. Insert XML tags around each entity, preserving the
exact original text.

4. Check that all tags are properly closed and nested.

5. Wrap entire result in a single <root>...</root> block."
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Figure 2: Results of preliminary experiments on FENEC under the one-shot setting. Performance across
five LLMs varies by genre, whereas differences in prompting design remain limited.

All generations were produced under de-
terministic decoding conditions (temperature=0,
top_p=1.0, fixed random seed) to guarantee re-
producibility, with output length dynamically con-
strained to prevent truncation.

In all cases, the full annotation guidelines were
not provided to the model, allowing each system to
adopt its own conventions, particularly in text seg-
mentation. Results showed that the few-shot+ and
few-shot adapted settings did not produce notable
improvements over the simpler configurations. Con-
sequently, the experiments on the NEM.FR retained
three prompting strategies: zero-shot, one-shot,
and few-shot, each tested with and without a chain-
of-thought (CoT) variant. Prompts are expressed
through English task instructions combined with
French examples and follow a strict XML-based out-
put schema, ensuring machine-readability and com-
patibility with the established evaluation pipeline.

3.4. Output Format Design

Defining a suitable output format for comparison
with the gold annotations required several itera-
tions. Each document in named-entity corpora is
usually paired with a raw text file and a correspond-
ing .ann file, where each annotation occupies one
line containing the entity label, textual span, and
its character offsets relative to the source text.
Reproducing this format directly via LLM gen-
eration initially proved unreliable, as the models
were unable to maintain consistent character off-
sets, and repeated entities often prevented accu-
rate post hoc alignment. Early experiments using
JSON outputs quickly exposed critical limitations.
The models were instructed to return a structured

list of entities grouped by their category, with start
and end character offsets. However, due to the
mismatch between token-based generation and
character-based alignment, the predicted offsets
frequently failed to correspond to the original text
positions. For instance, given an input contain-
ing “Jiang Qing, la femme de Mao Zedong”, the
model produced:

{
"PERS": [
{"entity": "Jiang_Qing", "start": 0,
"end": 10},
{"entity": "Mao_Zedong", "start": 15,
"end": 25}
]
}

, Whereas the gold annotations indicated offsets
hundreds of characters apart. Although the surface
forms were correct, the returned offsets were an-
chored to the model’s internal token buffer rather
than to the source text, making evaluation unreli-
able.

To overcome this limitation, the output format
was reformulated into XML, requiring the model to
annotate entities directly within the text.

<entity type="PERS">Jiang Qing</entity>, la
femme de <entity type="PERS">Mao
Zedong</entity>

This strategy bypassed offset inconsistencies
but introduced a new challenge: LLMs occasion-
ally altered the source text during generation,
producing (i) hallucinated formatting, such as in-
serting HTML tags <entity type="PERS">0tton
I<sup>er</sup></entity>; (ii) inconsistent spac-
ing after apostrophes (e.g., deleting the space in “I
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United”), and (iii) substitution of special characters,
such as replacing “&” by “&amp;”. These seem-
ingly minor perturbations disrupted strict text align-
ment. A dedicated post-processing pipeline was
therefore implemented to correct minor textual de-
viations while preserving the structural integrity of
entity tags.

3.5. Post-processing and Alignment
Pipeline

All documents were processed in line-based
chunks to remain within the model’s context win-
dow and to minimize truncation. Each chunk was
independently annotated and later recombined into
a single XML document. Only the final <root>
block of each generation was retained to eliminate
any intermediate reasoning traces produced by the
model.

Post-processing replicates the previously imple-
mented Levenshtein-based alignment procedure
that compares the de-tagged LLM output with the
gold plain text. The algorithm computes the mini-
mal sequence of insertions, deletions, and substitu-
tions required to transform one string into the other,
and then applies those edits to the XML-enriched
version while preserving entity tags. This step cor-
rects spacing or orthographic deviations introduced
during generation. Subsequent normalization en-
sures that all entity tags are properly opened and
closed, replaces problematic characters, and re-
moves empty tags. The corrected XML is then
converted into the .ann format by extracting each
entity’s span, category, and offsets for scoring. This
workflow ensures that evaluation metrics are com-
puted on aligned, reliable outputs.

3.6. Evaluation Metrics

Evaluation was performed at the entity level using
micro-averaged Precision, Recall, and F1-scores
under two matching strategies: strict and fuzzy. In
the strict setting, a predicted entity is considered
correct only if its label and character boundaries
exactly match those of a gold annotation. Any devi-
ation, such as the inclusion of an article, a change
in punctuation, or a different boundary offset, re-
sults in a mismatch. This measure reflects how
well the model reproduces human-level span preci-
sion, but can be overly penalizing for near-correct
predictions.

To mitigate this, strict scoring was complemented
with a fuzzy metric based on character-level Jac-
card similarity. For a gold span s and a predicted
span s, the character-level Jaccard similarity is de-
fined as:

[C(8) N C(s)]

169 = 15@ o)

where C(s) denotes the set of character offsets
covered by s. A prediction is treated as a fuzzy hit
if J(8,s) > 0.5, meaning that at least half of the
characters overlap.

This threshold empirically rescues typical bound-
ary drifts found in LLM outputs, such as “1’ Inde” vs.
“Inde”or“le 6 septembre 1764”vs. “6 septembre
1764”, without accepting spurious overlaps. Using
fuzzy matching ensures that the evaluation focuses
on the semantic correctness of entity detection
rather than on strict surface alignment, which is par-
ticularly appropriate when analyzing genre-induced
variability in text structure and formatting. Moreover,
strict boundary agreement is not always realistic,
even among human annotators. NER annotation of-
ten involves ambiguous cases, such as whether to
include determiners, apposition, or nested expres-
sions, which can lead to legitimate variation in span
selection. Given this inherent subjectivity and the
complexity of annotation guidelines, fuzzy match-
ing offers a more practical, linguistically grounded
approach for evaluating model performance.

Results are reported per genre to capture vari-
ability across textual categories and to identify sys-
tematic sensitivity to particular registers.

4. Experiments and Results

4.1. Analysis of Prompting Strategies

Figure 3 reports the fuzzy F1 scores obtained by
DeepSeek R1 across the 11 genres and six prompt-
ing configurations. Overall, differences between
prompting strategies remain limited. Across all
genres, the mean fuzzy F1 score ranges narrowly
(0.62-0.67), and no systematic advantage emerges
for CoTl prompting over direct generation. Similarly,
moving from zero-shot to few-shot does not consis-
tently improve recognition quality. These observa-
tions echo earlier findings on FENEC, where perfor-
mance appeared largely insensitive to the number
of in-context examples once the task format was
understood by the model.

Prompting stability across variants suggests that
model behavior is primarily shaped by the textual
input rather than by minor differences in instruc-
tion phrasing. In practice, DeepSeek R1 reliably
respects the requested XML structure, and output
quality depends more on genre-specific properties
(orthographic conventions, sentence structure, and
entity density) than on the prompting configuration
itself.

4.2. Variation Across the Corpus

Through the post-processing pipeline, valid and
comparable outputs were obtained for all 11 gen-
res and six prompting configurations, ensuring full
coverage of the corpus in the evaluation.
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Figure 3: Fuzzy F1 scores by genre and prompting strategy on NEM.FR.

Figure 3 highlights clear disparities in perfor-
mance across genres. Fuzzy F1 scores peak
for encyclopedia texts (around 0.84) and remain
high for defense (around 0.78-0.81). In contrast,
genres such as information and mail yield inter-
mediate results (approximately 0.68-0.74), while
biomedical and tweets reach the lowest levels (0.16-
0.30). Performance tends to align with the de-
gree of textual regularity: genres with consistent
sentence structure, explicit entity boundaries, and
standard orthography (e.g., defense, encyclope-
dia) achieve the highest scores. Biomedical texts
perform poorly, possibly due to their heavy use
of specialized terminology, alphanumeric expres-
sions, and irregular formatting, which obscure entity
boundaries. Similarly, iweets show very low scores,
reflecting the high density of punctuation misuse,
emojis, abbreviations, and informal orthography
typical of social media writing. Intermediate genres
such as mail and information exhibit moderate sta-
bility, reflecting their hybrid stylistic nature: formal
in structure but more variable in tone and coher-
ence. Genres like poetry, spoken, prose, legal,
and political occupy an intermediate range: their
performance remains consistent but not optimal,
likely due to creative or domain-specific linguistic
variation that affects boundary precision.

Overall, these results confirm that textual genre
remains the main determinant of model perfor-
mance, outweighing the effect of prompt config-
uration. DeepSeek R1 maintains strong semantic
recognition in formal registers but shows reduced
boundary accuracy and recall in informal or stylisti-
cally marked texts.

5. Conclusion

This study investigated the adaptability and robust-
ness of LLMSs to linguistic genre variation in French
through the task of NER. Using the NEM.FR corpus,
which spans 11 genres ranging from formal admin-
istrative prose to creative and conversational texts,
we examined how genre diversity affects model per-
formance under controlled prompting conditions.

A preliminary series of experiments guided the
definition of the experimental setup and led to the
selection of DeepSeek R1 as the target model.
The main evaluation then compared six prompting
configurations: zero-shot, one-shot, and few-shot,
each with and without chain-of-thought reasoning
across the corpus.

The results clearly show that variation does ex-
ist. Even when the same model, task, annotation
scheme, and prompting setup are applied, perfor-
mance differs substantially across genres. Results
indicate that variations in prompting strategy have
only a minor influence on performance. Once the
model understands the task and format, adding ex-
amples or reasoning steps does not substantially
improve accuracy. In contrast, differences across
genres are substantial: entity recognition remains
most accurate in structured, formally written texts,
such as encyclopedic or defense-related writing,
and degrades significantly in informal, creative, or
fragmented registers, such as tweets or poetry.

These disparities persist despite identical experi-
mental conditions, suggesting that the model’s inter-
nal representations are not equally effective across
distinct linguistic registers.

We do not claim to identify the precise causes of
these differences; rather, our findings highlight the
presence and magnitude of genre-related variabil-

2340



ity in LLM behavior. They reveal that, even without
fine-tuning, large language models do not general-
ize uniformly across text types, which is a crucial
observation for evaluating their robustness.

This study thus provides empirical evidence that
genre remains a determining factor in LLM adapt-
ability and that understanding its influence is es-
sential for building more reliable and generalizable
language processing systems.

6. Discussion and Limitations

The experiments reported in this study provide sev-
eral methodological insights into evaluating large
language models on linguistically diverse corpora.
First, the results show that apparent methodologi-
cal optimizations, such as adjusting the number or
type of in-context examples, do not necessarily lead
to reproducible improvements. In our setting, the
supposedly more adapted few-shot variants offered
no measurable advantage over simpler one-shot
or zero-shot configurations. This suggests that,
for NER tasks, once a model grasps the expected
output structure, performance is governed less by
prompt elaboration than by how the model internally
represents linguistic variation.

Second, the varied nature of the NEM.FR ex-
poses the limits of treating “language” as a homo-
geneous object in model evaluation. Genre differ-
ences interact with multiple uncontrolled factors:
topic, register, discourse organization, and even
document source, making it difficult to isolate a
single cause for the observed variability. This com-
plexity shows that the robustness of LLMs cannot
be taken for granted; even under identical condi-
tions, results may vary across contexts, and these
differences often reflect the model’s internal sensi-
tivity rather than random error.

Several limitations accompany this work; the
study focuses on a single model and task, which
constrains generalization to other architectures or
linguistic phenomena. The dataset, while genre-
balanced, remains relatively small and does not
account for inter-annotator uncertainty, which may
influence the upper bound of achievable agreement.
Finally, although post-processing ensures compara-
bility between outputs, minor normalization choices
could still affect fine-grained metrics.

Despite these constraints, the findings empha-
size that even under tightly controlled conditions,
LLM performance is not uniform across genres. Un-
derstanding and mitigating this variability remains a
crucial step toward developing models that can truly
adapt to the full spectrum of linguistic expression.
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