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Abstract

We investigate how the choice of output for-
mat influences the performance of fine-tuned
large language models on information extrac-
tion tasks. Based on over 280 experiments span-
ning multiple benchmarks, models and formats,
we find that output formatting is a critical yet
largely overlooked hyperparameter. Remark-
ably, in some cases, changing only the output
format shifts F1 scores by over 40% despite
using the same model. We further observe
that no single format consistently dominates
across settings, and the optimal choice depends
on factors like model family and dataset char-
acteristics. Overall, these results demonstrate
that informationally equivalent output formats
can produce substantial performance variation,
highlighting the need to treat output formatting
as a key factor in building accurate and reliable
information extraction systems.

1 Introduction

Information extraction (IE) systems, powered by
Large Language Models (LLMs), are increas-
ingly deployed in high-stakes domains such as
biomedicine, where errors in extraction can sup-
press critical information and limit downstream
applications (Tian et al., 2024). The scale of the
challenge is amplified by volume: PubMed alone
indexes tens of millions of articles, with thousands
added daily (Lee et al., 2019). While biomedicine
provides an especially urgent case, this vulnerabil-
ity is universal across IE applications, from cyber-
security to finance, where incomplete or inaccurate
extraction cascades through pipelines, systemati-
cally distorting downstream models and decision
processes.

LLMs have dramatically advanced the accuracy
and efficiency of IE systems (Adam et al., 2024),
yet they remain strikingly fragile. Superficial fac-
tors that do not alter task requirements or difficulty
can still cause large swings in performance. For

instance, outputs vary substantially depending on
prompt phrasing or structuring (He et al., 2024),
and class predictions shift significantly when label
sets change, even when they encode the same deci-
sion boundary (Lu et al., 2025). In this paper, we
focus on output formatting—a seemingly trivial
design choice in LLM fine-tuning that does not
affect task requirements or difficulty—and show
that it exposes fundamental fragilities in LLMs. On
the biomedical BCSCDR dataset (Li et al., 2016),
for example, changing only the output format re-
sults in the model missing over 40% of entity men-
tions. Such omissions cascade through downstream
pipelines, undermining reliability across domains
where accurate extraction is essential.

Despite its substantial effect, output formatting
is almost always overlooked. Most studies adopt a
single default format, typically motivated by conve-
nience or legacy convention, without justification
or systematic comparison (Dagdelen et al., 2024;
Wang et al., 2023; Guluzade et al., 2025; Zhang
et al., 2024b; Duki¢ and Snajder, 2024; Zhang et al.,
2024a). Only a few studies have investigated the
effects of output formatting, but these focus exclu-
sively on legacy encoder—decoder LLMs (Raman
et al., 2022; He and Choi, 2023) and the experi-
ments are restricted to narrow task sets and limited
benchmarks. Our work provides a timely and nec-
essary extension, offering the first large-scale study
of output formatting effects in modern decoder-
only LLMs, across diverse model families, sizes,
and benchmarks spanning Named Entity Recogni-
tion (NER), Event Detection (ED), and Semantic
Role Labelling (SRL).

Our experiments reveal that output formatting
is a critical hyperparameter and that untapped per-
formance gains can be realised through the careful
selection of output format. Importantly, we find no
universally optimal format; the best choice depends
on factors such as dataset characteristics and model
family.
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This work therefore provides: (1) an evaluation
framework for systematically assessing the effect
of output formatting on LLMs!; (2) a large-scale
empirical study across multiple formats, bench-
marks and models; and (3) insights into when and
why different formats succeed or fail. Taken to-
gether, these contributions provide actionable guid-
ance for researchers and practitioners: until LLMs
become robust to format variation, output format-
ting should be treated as a key hyperparameter for
reliable and accurate information extraction. More
broadly, our findings highlight the importance of
developing models that are less mercurial and more
grounded in the underlying semantics of a task.

2 Related Work

It is well established that prompt formatting can
significantly influence model responses (Tam et al.,
2024; He et al., 2024; Sclar et al., 2024; Liu et al.,
2025; Zhang et al., 2025). Similar dynamics are
likely involved in output formatting, yet its role
in shaping model responses has received compara-
tively little attention.

Some prior works have examined this question
in the context of legacy encoder—decoder models,
focusing on sequence labelling tasks. Raman et al.
(2022) study the impact of output formatting on
mT5 (Xue et al., 2021), evaluating several formats
across tasks such as NER and semantic parsing.
They identify a format—referred to in this paper as
token-level—as the ‘empirically strongest’ option;
however, our experiments demonstrate that it does
not always yield optimal performance. Moreover,
the benchmarks they employ are relatively simple,
with even mBERT (Devlin et al., 2019) achieving
F1 scores of over 80% on most tasks, which limits
the strength of their conclusions.

He and Choi (2023), in contrast, investigate
output formatting effects on BART (Lewis et al.,
2020), across tasks such as NER, part-of-speech
tagging and dependency parsing. Unlike Raman
et al. (2022), they report no universally superior
format. However, like the former study, their anal-
ysis remains confined to a single model, tested on
a narrow set of benchmarks and formats.

Together, these works provide early evidence
that output formatting matters, but their findings
are increasingly outdated: neither explores whether
the effect generalises across different model fam-

'Our code is available at https://github.com/
rishi-ravikumar/OutputFormattingExperiments

ilies and sizes, nor whether it persists in modern
decoder-only LLMs that now dominate the field.

A more recent attempt in this direction is by Guo
etal. (2024), who seek to identify the ‘ideal training
sample’ for fine-tuning LLMs on IE tasks. Their
analysis considers factors such as instruction for-
mat, output format and chain-of-thought, aiming to
find configurations that maximise extraction quality.
However, the study is narrow in scope: it evaluates
only a small set of highly similar output formats on
a handful of decoder models of comparable size,
leaving much of the design space unexplored. No-
tably, the format they identify as strongest is, in
our experiments, consistently among the weakest-
performing.

3 Evaluation Framework

3.1 Benchmark Datasets

We focus on three sequence-labelling—based IE
tasks: Event Detection, Named Entity Recognition
and Semantic Role Labelling. These tasks are both
fundamental to information extraction and widely
studied, making them particularly suitable for this
investigation.

For each task, we select two benchmarks that
vary along three dimensions: (1) domain, (2) re-
cency of creation and, (3) label set size and com-
plexity. Varying domains ensures that our findings
generalise across different contexts and application
areas. Including both older and more recent bench-
marks increases the temporal diversity of the study,
while variation in label set size and granularity cap-
tures tasks of differing difficulty and ambiguity.
Specifically, for ED we use ACE2005 (Dodding-
ton et al., 2004) and PHEE (Sun et al., 2022); for
NER, OntoNotes-5.0 (Weischedel et al., 2013) and
BC5CDR (Li et al., 2016); and for SRL, SpRL-
2012 (Kordjamshidi et al., 2012) and NounAtlas
(Navigli et al., 2024). Together, this selection pro-
vides a diverse and representative evaluation suite.
Table 1 presents an overview of the benchmarks, in-
cluding statistics such as average sample length and
average number of annotations per sample. Task
definitions and details of the pre-processing steps
are provided in Appendix A.3.

3.2 Output Formats

Drawing on prior research and established corpus
annotation conventions (see Appendix A.2), we
systematically design six output formats.
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# Samples Avg.Sample  Avg. Annotations Avg. Annotation

Task Benchmark Year Domain # Categories (After Processing) Length (Tokens) Per Sample Length (Tokens)
ACE2005 2005  News/Mixed 33 3998 22.4 1.3 1.0
ED PHEE 2022 Pharmaceuticals 2 4827 22.1 1.0 1.1
OntoNotes-5.0 2013 Mixed 36 42193 23.8 2.5 2.2
NER BC5CDR 2016 Biomedical 2 1500 187.9 19.2 1.3
SpRL-2012 2012 Spatial Cognition 3 948 17.5 4.5 1.3
SRL NounAtlas 2024 Mixed 27 28064 34.8 2.5 4

Table 1: Overview of benchmarks used in this study. Token counts are computed using whitespace-delimited tokens.

We use the following simplified NER example
sentence to illustrate the formats:

Alice visited Paris.

After each format description, we show how
the extracted entities from this sentence are
represented in that format.

Standoff JSON: The output is formatted as
a list of JISON objects, where each object contains
a span and its corresponding label. Variations of
this format have been used in Ying et al. (2025);
joon Choi and jun Park (2025); Guo et al. (2024);
Dagdelen et al. (2024); Xiao et al. (2024); NuMind
(2024); Raman et al. (2022); Yan et al. (2021);
Ahmad et al. (2021); Wu et al. (2023).

[{ “entity_type”: “PER”, “entity_span”: “Alice” },
{ “entity_type”: “GPE”, “entity_span”: “Paris” }]

Standoff Tuple: The output is formatted as a list of
tuples, where each tuple consists of a span and its
corresponding label. Standoff Tuple is particularly
similar to Standoff JSON, differing slightly in the
presentation of span-label pairs. Variations of this
format have been used in Lu et al. (2021); Li et al.
(2023); Wang et al. (2022, 2023); Josifoski et al.
(2022).

((Alice; PER) (Paris; GPE))

Inline XML: The output contains the original
text, with relevant spans enclosed in XML tags.
Variations of this format have been used in Athi-
waratkun et al. (2020); Paolini et al. (2021); Wang
et al. (2025); He and Choi (2023); Daza and Frank
(2018).

<PER> Alice </PER> visited <GPE> Paris </GPE> .

Inline Linear: The output contains the original
text, with each token accompanied by its label in
the token|label format. Labels are assigned us-
ing the BIO (Begin-Inside-Outside) scheme. Vari-
ations of this format have been used in (He and
Choi, 2023; Raman et al., 2022).

Alice|B-PER visited|O Paris|B-GPE .|O

Column: Inspired by column-based annotation
schemes (see Appendix A.2), the output is for-
matted such that each token from the original text
and its BIO label appear adjacently, delimited by
a space. Each token-label pair is separated by a
newline character. Inline Linear and Column are
particularly similar, differing only in minor syntac-
tic presentation.

Alice B-PER\nvisited O\nParis B-GPE\n. O

Freetext: The output is expressed as natural-
language phrases. This format is motivated by the
observation that LLMs are likely to understand and
generate natural-looking, free-form text more ef-
fectively than rigid, structured representations (He
and Choi, 2023).

‘Alice’ is an entity of type ‘PER’;
‘Paris’ is an entity of type ‘GPE’;

When adapting benchmarks to the output for-
mats, we define tokens using whitespace-based tok-
enization to ensure consistency across models with
different tokenizers.

In what follows, we refer to the Standoff JSON
and Standoff Tuple formats collectively as the
standoff formats, and the Inline Linear and Column
formats as the token-level formats, where appropri-
ate.

Importantly, although the six output formats dif-
fer in their syntactic presentation, they are equiv-
alent in terms of the information they encode.
In all cases, the underlying span-label assignments
are identical, and the model has full access to the
input sentence, allowing it to, in principle, recover
the same information. Given the input sentence,
any format can be converted to any other format
without requiring new information. The observed
differences in performance therefore arise not from
variations in content, but from the model’s sensitiv-
ity to the syntactic structure and representation of
the output.
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3.3 Models
Model Parameters (B)
Qwen2.5-3B-Instruct (Qwen et al., 2025) 3
Phi-3.5-mini-instruct (Microsoft, 2024) 3
Mistral-7B-Instruct-v0.3 (Jiang etal., 2023) 7
| _Llama3.|-8B-Instruct (Meta, 2024) __ ! & _ .
Mistral-Nemo-Instruct-2407 (Mistral Al, 2024) 12
Qwen2.5-14B-Instruct (Qwen et al., 2025) 14
| Qwen25-32B-Instruct (Qwenetal, 2025) 32
OLMo-2-0325-32B-Instruct (A12, 2025) 32

Table 2: Overview of the LLMs used in this study.

Table 2 presents an overview of the LLMs eval-
uated in this study. We consider a diverse set
of decoder-only models ranging from 3B to 32B
parameters and drawn from multiple model fam-
ilies (e.g., Qwen, Phi, Mistral). For efficiency,
we perform supervised fine-tuning of all models
using QLoRA (Dettmers et al., 2023), with 4-
bit—quantized base weights. Further details on hy-
perparameters are provided in Appendix A.1.

3.4 Prompt Formatting

Prompt design can substantially influence model
behavior. To control for this factor, we adopt a min-
imal prompting strategy across all experiments. For
ED, NER and the SpRL-2012 benchmark (SRL),
the prompt strictly consists of the raw text only,
with no additional instructions, special characters
or label/type specifications. For NounAtlas (SRL),
where the semantic frame is required as input, the
prompt consists of the raw text and the frame, sep-
arated by a special delimiter:

<text> [[## frame ##]] <frame>

This setup ensures that any observed differences
in performance arise from output formatting rather
than variations in the prompt.

3.5 Evaluation Criteria

We adopt strict evaluation criteria across all exper-
iments: a prediction is considered correct only if
both the span and its associated label exactly match
the gold annotation. Performance is reported using
the micro-averaged F1 score (class-independent),
which we refer to throughout simply as the F1
score.

4 Results and Discussion

Figure 1 reports the results,” grouped by bench-
mark. Each cell shows the F1 score obtained by a

2A full-page version is available in the Appendix.

model fine-tuned with the corresponding output
format, with cell colouring indicating relative
performance. Precision and recall are reported
separately in Tables 5 and 6 (Appendix). Figure
2 summarises these results by plotting, for each
benchmark, the mean F1, precision and recall
across models for each output format. Based on
these results, we identify a set of broad trends that
characterise the effect of output formatting across
benchmarks and models.

Token-level formats (Inline Linear and Column)
outperform standoff formats (Standoff JSON
and Standoff Tuple) on half of the benchmarks.
On ACE2005, OntoNotes and BC5CDR, the token-
level formats generally outperform the standoff for-
mats (Figure 2a, ¢, d). This difference is particu-
larly pronounced for BCSCDR, reaching over 40%
in certain instances.

The underlying reason for the performance dis-
parity stems from the prediction task imposed by
each format category. The standoff formats require
amodel to directly generate relevant spans and their
corresponding labels in a structured representation.
Conversely, token-level formats require the model
to generate each token from the input text, followed
by a label. This token-by-token labelling compels
a model to explicitly consider the significance and
role of every token and provides dense supervision
over non-entity tokens during training. As a result,
the likelihood of missing relevant spans is reduced.
In contrast, standoff formats do not enforce this
explicit token-level consideration, and non-entity
tokens remain implicit, increasing the likelihood of
missed spans.

The disparity between the standoff and token-
level formats is particularly pronounced for
BC5CDR. As shown in Table 1, BC5CDR con-
tains significantly longer samples (on average more
than six times longer than those in the dataset
with the second longest samples) and has a very
high annotation density, with roughly 19 spans per
sample. These properties make standoff formats
significantly more brittle: relevant spans are fre-
quently omitted because standoff formats encour-
age a global view of the prediction task. In contrast,
token-level formats require the model to make ex-
plicit token-wise predictions across the entire se-
quence, which substantially reduces the chance of
missing spans in lengthy texts with many annota-
tions.

Additionally, samples in BC5CDR tend to
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PHEE

ACE2005
Model Freetext Standoff JSON Standoff Tuple Inline XML Inline Linear Column
Qwen2.5 3B 65.67
Phi-3.5-mini 65.71
Mistral 7B 76.5
Llama 3.1 8B
Mistral Nemo 77.26
Qwen2.5 14B

Qwen2.5 32B 76.32
OLMo-2 32B 76.66

OntoNotes

76.47

Freetext Standoff JSON Standoff Tuple Inline XML Inline Linear Column
68.39 61.82 61.58
68.29 65.42
68.96
70.28

70.44
70.1
69.97
70.18
BC5CDR

Model
Qwen2.5 3B
Phi-3.5-mini
Mistral 7B
Llama 3.1 8B
Mistral Nemo
Qwen2.5 14B
Qwen2.5 32B
OLMo-2 32B
SemEval-12 SpRL

Freetext Standoff JSON Standoff Tuple Inline XML Inline Linear Column

Freetext Standoff JSON Standoff Tuple Inline XML Inline Linear Column

NounAtlas

Model

Freetext Standoff JSON Standoff Tuple Inline XML Inline Linear Column

Freetext Standoff JSON Standoff Tuple Inline XML Inline Linear Column

Qwen2.538 | 77.89 79.59 80.19 73.25 7904 8207 57.10 50.51 56.47 47.47 50.21 49.37
Phi-3.5-mini _ 78.37 79.11 78.27 75.18 8155  81.19 56.58 51.98 56.37 51.07 5063 5048
Mistral 78 64.66 62.26 64.22 63.19 6393  63.39
Llama 3.1 8B 60.48 58.42 60.78 57.97 61 61

Mistral Nemo 65.38 62.96 65.65 63.5 63.21 63.22
Qwen2.5 148 80.32 78.32 80.16 8176 63.95 60.19 63.59 59.02 5862  59.81
Qwen2.5328  80.77 82.87 82.03 78.07 7965  80.24 65.42 64.5 65.24 64.27 6452 6376
OLmo-2328 | 8473 8478 8483 8166 8319 . 6470 6511 64.61 6595 6551 6500

Figure 1: Evaluation results (F1) grouped by benchmark.

contain multiple instances of the same entity. We
observe that with the standoff formats, this often
leads models, especially smaller models, to fall
into a loop, repeatedly predicting the same entity
until the maximum sequence length is reached.
This tendency to over-predict results in a large
number of false positives, severely affecting
precision. The token-level formats, in contrast, are
immune to such repetition because they constrain
a model to structure its response around the in-
put tokens, thereby providing a guiding framework.

For PHEE, the performance relationship
between standoff and token-level formats is
reversed. Unlike with the aforementioned bench-
marks, standoff formats achieve slightly higher
performance on PHEE compared to token-level
formats (Figure 2b). As shown in Table 1, PHEE
is structurally simple: each sample contains on
average only 1.0 annotations (the lowest across all
benchmarks) with spans averaging just 1.1 tokens
in length. In this setting, the main advantage
of token-level formats—explicit, token-level
predictions over the entire sequence and dense
supervision over non-entity tokens—provides
little benefit. Since the task effectively requires
predicting only a single short span per sample,
token-level formats are mildly detrimental for
most models because the prediction is excessively
granular, introducing noise without improving
extraction accuracy.

For Qwen models in particular, the disparity

is markedly sharper. Analysis of model outputs
on PHEE shows that, when using token-level for-
mats, Qwen models frequently predict spans that
appear earlier in the sentence than the gold annota-
tion. In contrast, predictions under standoff formats
tend to align more closely with gold span positions.
This pattern highlights another potential drawback
of token-level formats, especially in settings like
PHEE where annotations are sparse: because they
rely on token-wise predictions, they can lead the
model to overestimate the role of earlier tokens,
resulting in premature span predictions.

Performance trends are less apparent in the SRL
benchmarks. For NounAtlas, F1 scores remain
generally consistent across the standoff and token-
level formats (Figure 2f). Our analysis of model
responses suggests that this is driven by the greater
diversity in both sample lengths (Figure 4) and
annotation lengths (Figure 3) in the NounAtlas
dataset, compared to other benchmarks. This vari-
ability leads different formats to counterbalance
each other’s strengths and weaknesses. For exam-
ple, we see that the token-level formats perform
better on samples with numerous relevant spans,
whereas the standoff formats show better perfor-
mance on samples with fewer, longer spans. As a
result, the performance gains across formats tend
to average out.

For SpRL-2012, as with NounAtlas, overall
F1 scores are similar across the standoff and
token-level output formats (Figure 2e). The
top-performing models—Mistral 7B, Llama 3.1 8B
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Figure 2: Mean F1m, P® and R® scores for all output formats, averaged across models. Error bars indicate one

standard deviation for F1.

and Mistral Nemo—show minimal differences in
precision, recall and F1, demonstrating robustness
to format choice. For other models, however,
token-level formats achieve higher recall because
they predict more spans on average (note: the
dataset contains 4.5 annotations per sample on
average), but slightly lower precision due to
boundary misalignments. These opposing effects
largely offset each other, resulting in similar F1
scores.

Inline XML is a midpoint between the
standoff and token-level formats. Inline XML
generally yields intermediate performance on
the ED and NER benchmarks, positioning itself
between the standoff and token-level formats.
However, on SpRL-2012 and NounAtlas (where
standoff and token-level formats perform compara-
bly), Inline XML tends to underperform relative
to both. Conceptually, Inline XML occupies an
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— 1

60 65 70 75 80 85 90 95 100
Annotation length distribution (tokens, 60th—100th percentile)

16-20 m21-25

Figure 3: Distribution of gold-standard annotation
lengths in the upper 40% of test examples (by token
count). NounAtlas (top) displays the greatest spread in
annotation lengths.

intermediate position: it neither encourages a
global view of the prediction task, as in standoff
formats that operate over complete spans, nor
enforces granular predictions, as in token-level
formats. As a result, when the advantages of
these two extremes balance out, the hybrid nature
of Inline XML provides little benefit, leading to
weaker performance in comparison.

It must be noted that for Mistral 7B, Llama 3.1
8B, Mistral Nemo and OLMo-2 32B, Inline XML
frequently performs on par with the best formats,
suggesting that certain models are better equipped
to handle this format.

Freetext results in similar performance to
standoff formats. He and Choi (2023) report that
the Freetext format yields the best results for BART
on three of four IE tasks, attributing this to its
closer resemblance to natural language. In contrast,
our experiments show that Freetext performs
comparably to standoff formats across models and
benchmarks. This suggests that modern LLMs
are increasingly capable of handling structured
representations directly, diminishing the need for
natural-language-like output formulations.

Closely related formats yield effectively
identical performance. All evaluated formats
differ purely in syntax and are information-
ally equivalent. However, two format pairs in
particular—Inline Linear vs. Column and Standoff
JSON vs. Tuple—exhibit only trivial structural

m0-60 m61-80 m8I-100 m>100

NounAtlas

SpRL

OntoNotes

PHEE

ACEO5

9

w

94 95 96 97 98 99 100
Sample length distribution (tokens, 93rd-100th percentile)

Figure 4: Distribution of test-set sample lengths by
token count. Only the upper 7% of samples (by token
count) are shown to emphasize the diversity in longer
examples, though the diversity exists across the full
dataset. NounAtlas (top) exhibits the greatest spread in
sample length. BC5CDR (excluded) is an outlier due to
its significantly higher average sample length.

differences. This similarity is reflected in their
performance: the average F1 difference between
Inline Linear and Column is just 0.84% across all
models and benchmarks, and between Standoff
JSON and Tuple only 2.29%. These negligible
gaps confirm that when syntactic variation is
reduced to this level, it has no practical effect on
performance.

Mistral models consistently deliver supe-
rior performance. We calculate the average rank
of each model across all formats and benchmarks
(Figure 5). Mistral 7B achieves the lowest
average rank of 2.36, closely followed by Mistral
Nemo (12B) at 2.64 (lower the rank, better the
performance). The third lowest, and the largest
model among those evaluated, is OLMo-2 32B,
with a rank of 2.94. On excluding the Mistral
models, we observe that performance generally
increases (rank decreases) with model size.

Token-level formats are, on average, supe-
rior to other formats. Although no single output
format consistently outperforms others, a crude
average across models and datasets (Figure 6)
reveals a clear overall tendency: token-level
formats achieve the highest mean F1. This
suggests that, on average, token-level formats yield
stronger performance than alternative formats.
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Figure 5: Average rank of evaluated models across all
formats and benchmarks, where rank 1 indicates the
highest performance in a metric.

However, the margin over other formats is small
and does not hold uniformly across benchmarks
or model families; performance differences vary
considerably across settings.
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Figure 6: Average F1 of evaluated formats across all
models and benchmarks.

Model robustness to output format in-
creases with size. We quantify robustness as
the average F1 difference between the best and
worst performing output formats for each model
across all benchmarks (Figure 7). A smaller
average difference indicates that a model is less
sensitive to output format choice. Overall, we
observe that robustness tends to improve with
model size, leading to more stable performance
across formats. Model family also plays a critical
role: for example, Mistral 7B displays unusually

high robustness relative to its size, diverging from
the size-based trend. These results emphasize that
both model size and family should inform output

format selection.
4

12

10

©

ceu.
ceu.
ceu.
ceu.
ceu,

Max Fl - Min FI
o N N [}

Q & Q@ O Q <
5 & A & éo° X AV 4
& o < - < ) ) v
R I I I K .
o« ¥ o o o

Figure 7: F1 gap between the best and worst performing
output formats (‘Robustness’) for each model, averaged
across benchmarks.

4.1 Guidelines for Choosing an Output
Format

Our experiments show that output format substan-
tially affects fine-tuning performance, and the opti-
mal choice depends on dataset characteristics and
the model. Output format should therefore be
treated as a tunable hyperparameter and selected
empirically for each application. Practical guid-
ance from our results follows: (1) High span den-
sity: token-level formats tend to perform better
when many spans occur per sample. (2) Sparse
annotation: standoff or freetext formats generally
yield stronger performance when annotations are
sparse. (3) Recall-oriented tasks: token-level for-
mats typically achieve higher recall. (4) Long or
contiguous spans: standoff and freetext formats
are less prone to boundary errors, which become
more common in token-level formats as span length
increases. (5) Long documents: token-level for-
mats perform better on longer texts. (6) Efficiency:
token-level, inline XML and freetext outputs are
substantially longer, increasing training cost, in-
ference latency, and pre/post-processing overhead;
standoff JSON and tuple formats are significantly
more compact and efficient. (7) Character align-
ment: token-level and inline XML formats preserve
span offsets because labels are interspersed within
the text, while standoff and freetext formats ab-
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stract this structure away.

Finally, model family and size also play an im-
portant role: larger models and certain model fami-
lies exhibit greater robustness to format variation,
so optimal performance is achieved by jointly tun-
ing model and output format rather than optimizing
them independently.

5 Conclusion

We present the first systematic investigation of
how output formatting influences the performance
of fine-tuned decoder-only LLMs on IE tasks.
Through experiments spanning multiple models,
benchmarks and output formats, we demonstrate
that formatting choices alone can lead to substan-
tial performance variation. Moreover, we show that
no single format consistently dominates across set-
tings, suggesting that output formatting should be
treated as a tunable hyperparameter rather than a
fixed design choice. Finally, based on our results,
we provide practical guidelines for output format
selection.

More broadly, our findings highlight the sensi-
tivity of current models to surface-level syntactic
variation, pointing to an important direction for
future work: the development of models that are in-
herently more robust to superficial representational
differences. Such robustness is crucial for building
accurate and dependable IE systems.

Limitations

Our study focuses on publicly available models
to ensure reproducibility and accessibility. While
this restricts our analysis to smaller, open models,
evaluating larger or closed-source models in future
work could offer additional insights into output
format sensitivity. To isolate the effects of format-
ting, we employ minimal prompting, though future
studies might also investigate how different prompt
designs interact with output formats. Finally, since
our experiments are limited to non-nested span ex-
traction, extending the analysis to nested or embed-
ded spans could further broaden the applicability
of our findings.
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Appendix

A.1 Hardware and Hyperparameters

We fine-tune all models using QLoRA on NVIDIA
RTX A5000 GPUs, with a cumulative training time
of approximately 1400 GPU hours. Fine-tuning is
performed using the Unsloth library. All models
are 4-bit quantized at load time to reduce memory
usage and accelerate training. The key hyperparam-
eters used during fine-tuning are listed in Table 3.

Hyperparameter Value
Maximum Sequence Length 2048
Sampling Parameters Greedy Sampling
Number of Epochs 2
Optimizer AdamW (8 bit)
Learning Rate 5.00E-05
Learning Rate Scheduler Linear
LoRA Rank 16
LoRA Alpha 16
Batch size 2

‘q_proj’, ‘k_proj’, ‘v_proj’, ‘o_proj’,

Projections Modified . 5 iy .
gate_proj’, ‘up_proj’, ‘down_proj

Table 3: Hyperparameters used for fine-tuning

A.2 Corpus Annotation Schemes

Linguistic corpora are generally annotated in one
of four ways (Ide et al., 2017):

» Standoff: Annotations are maintained in a
separate file, rather than being embedded di-
rectly within the source text.

* Inline XML: Annotations are embedded di-
rectly into the document by enclosing relevant
text spans within XML tags that contain anno-
tation information.

e Inline Linear: As in Inline XML, annotations
are embedded within the text; however, in this
format, every token is surrounded by special
characters that encode annotation information.

* Column: Each token is placed on a separate
line along with its annotation.

A.3 Dataset Sourcing and Pre-Processing

A.3.1 Event Detection (ED)

ED is the task of identifying event triggers, i.e.,
spans of text that indicate the occurrence of events,
and the corresponding event types (LDC, 2005).
We use the following benchmarks:

* ACE2005 (Doddington et al., 2004), the most
widely known ED dataset, containing texts
from a variety of genres such as newswire,
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broadcast news, weblog and conversational
speech. It features 33 event types.

* PHEE (Sun et al., 2022), a dataset for pharma-
covigilance. It defines two event types meant
to indicate whether a drug-related event is
an ‘Adverse event’ or a ‘Potential therapeutic
event’. The data is sourced from medical case
reports and biomedical literature.

Note that for ACE2005, we exclude samples
that contain no events to ensure consistency with
other benchmarks used in this study, such as PHEE,
which do not include null examples. For both
datasets, we follow the TextEE standardised bench-
marking framework?(Huang et al., 2024) to down-
load, pre-process and split the data.

A.3.2 Named Entity Recognition (NER)

NER is the task of identifying and classifying en-
tities in text (Grishman and Sundheim, 1996). We
use the following benchmarks:

¢ OntoNotes-5.0 (Weischedel et al., 2013), a
widely used dataset containing texts from
various genres including phone conversa-
tions, newswires, newsgroups, broadcast
news, broadcast conversations and weblogs.
It features 36 entity types.

¢ BioCreative V CDR (BC5CDR) (Li et al.,
2016) a dataset of PubMed articles annotated
for ‘Chemical’ and ‘Disease’ mentions, cre-
ated to support tasks such as drug discovery.

For OntoNotes-5.0, we use the preprocessed ver-
sion and data splits created for the T-NER python
library (Ushio and Camacho-Collados, 2021), and
made available on HuggingFace®. For consistency
with other benchmarks, we exclude all samples that
lack named entities.

For BC5CDR, we use the original dataset re-
leased on GitHub’. Since the dataset is split evenly
across train, development and test sets, we reshuf-
fle and re-split the data in a 7:1:2 ratio, to retain a
sufficient number of samples in the test set.

In line with the CoNLL-2003 Shared Task guide-
lines (Tjong Kim Sang and De Meulder, 2003),
we assume that named entities are non-overlapping
and continuous. This assumption is consistent with

3github.com/ej@ch/TextEE
4huggingface.co/datasets/tner/ontonotesS
Sgithub.com/JHnlp/BioCreative-V-CDR-Corpus

OntoNotes-5.0. For BCSCDR, however, we pre-
process the data to enforce these constraints by
dropping discontinuous entities and retaining the
longer entity when two entities overlap.

A.3.3 Semantic Role Labelling (SRL)

SRL involves identifying predicate-argument struc-
tures in a sentence and classifying the semantic
role of each argument in relation to the predicate
(Gildea and Jurafsky, 2000). We use the following
benchmarks:

* SemEval-2012 SpRL (SpRL-2012) (Kord-
jamshidi et al., 2012), a corpus created to sup-
port the extraction of spatial arguments and re-
lations in text. The benchmark features three
spatial arguments: ‘trajector’, ‘landmark’ and
‘spatial-indicator’.

* NounAtlas (Navigli et al., 2024), a dataset
for studying nominal predicates. It is derived
from the SemCor corpus (Miller et al., 1993)
and features 27 argument roles.

In the NounAtlas corpus, each sentence contains
exactly one nominal predicate. Accordingly, we
use both the sentence and the associated predicate
(‘frame’) as input and fine-tune a model to predict
the argument spans and their roles. We use the
official dataset available on HuggingFace.b

For SpRL-2012, only the sentence is provided
as input since the task involves predicting all spa-
tial arguments without reference to a predicate or
frame. We use the version of the dataset available
on GitHub’. Since it includes only training and test
splits, we merged, shuffled and re-split the data in
a 7:1:2 ratio.

®huggingface.co/datasets/sapienzanlp/

nounatlas_srl_corpus
Tgithub.com/kolomiyets/sprl2012
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Model Freetext | Standoff JSON | Standoff Tuple | Inline XML | Inline Linear | Column |
Event Detection: ACE2005

Qwen2.5 3B 62.68 65.67 72.07 72.12
Phi 3.5 mini 65.06 65.71 71.60 74.43 73.74
Mistral 7B 72.60 73.01 72.83 75.16 76.50 76.34
Llama3.1 8B 70.03 71.52 70.65 74.77 74.58 74.41

Mistral Nemo 70.22 74.84 70.64 74.37 77.26 74.62

Qwen2.5 14B 71.53 71.15 73.65 74.59 74.72

Qwen2.5 32B 72.29 73.01 73.85 76.32 76.47

OLMo-2 32B 72.50 72.42 74.55 76.66 74.62

Event Detection: PHEE

Qwen2.5 3B 68.39
Phi 3.5 mini 68.73 68.29
Mistral 7B 69.64 68.62 68.96 68.67 68.70
Llama3.1 8B 68.35 69.57 70.28 68.77

Mistral Nemo 69.03 71.28 70.44 68.09 67.62

Qwen2.5 14B 67.80 69.73 70.10

Qwen2.5 32B 69.99 68.82 69.97 67.88

OLMo-2 32B 68.26 69.34 70.18 68.29 68.08

Named Entity Recognition: OntoNotes

Qwen2.5 3B 87.28 84.00 87.34 86.55 87.36 87.57
Phi 3.5 mini 87.07 83.76 85.08 87.59 87.19 87.92
Mistral 7B 89.45 89.58 89.85 90.02 90.61 90.96
Llama3.1 8B 88.77 88.42 87.63 87.82 90.13

Mistral Nemo 89.47 89.18 89.79 90.00 90.44 90.49

Qwen2.5 14B 88.95 87.12 88.73 88.54 88.63 89.39

Qwen2.5 32B 89.15 88.61 88.74 89.87 89.69 89.92

OLMo-2 32B 89.12 89.52 89.84 90.85 90.75 90.73

Named Entity Recognition: BC5CDR

Qwen2.5 3B 85.16 85.87 86.47
Phi 3.5 mini 84.46 85.85 83.48
Mistral 7B 72.82 78.28 89.78 86.34 90.21
Llama3.1 8B 88.17 89.72 88.95

Mistral Nemo 89.58 89.85 89.81

Qwen2.5 14B 76.29 77.34 87.37 88.84 88.52

Qwen2.5 32B 80.55 80.64 87.94 88.97 88.61

OLMo-2 32B 89.44 88.90 88.99

Semantic Role Labelling: SpRL-2012

Qwen2.5 3B 77.89 79.59 80.19 73.25 79.04 82.07
Phi 3.5 mini 78.37 79.11 78.27 - 81.55 81.19
Mistral 7B 85.84 86.41 85.00 85.73 85.02 86.19
Llama3.1 8B 82.28 81.99 82.83 82.95 85.03 83.81

Mistral Nemo 83.17 84.10 84.96 83.50 85.91 86.24

Qwen2.5 14B 80.32 83.18 83.78 78.32 80.16 81.76

Qwen2.5 32B 80.77 82.87 82.03 78.07 79.65 80.24

OLMo-2 32B 84.73 84.73 84.83 81.66 83.19 85.22

Semantic Role Labelling: NounAtlas

Qwen2.5 3B 47.47 50.21 49.37
Phi 3.5 mini 51.07 50.63 50.48
Mistral 7B 64.22

Llama3.1 8B 60.78

Mistral Nemo 65.65

Qwen2.5 14B 63.59

Qwen2.5 32B 65.24

OLMo-2 32B 64.61

Table 4: Summary of results (F1) grouped by benchmark.
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| Model | Freetext | Standoff JSON | Standoff Tuple | Inline XML | Inline Linear | Column |
Event Detection: ACE2005
Qwen2.5 3B 58.91 71.17 70.02
Phi 3.5 mini 66.41 71.07 73.68 73.91 74.68
Mistral 7B 74.21 74.35 74.31 7591 76.10 75.61
Llama3.1 8B 73.82 74.19 72.09 76.44 74.91 73.69
Mistral Nemo 72.76 77.02 71.88 75.60 77.26 74.30
Qwen2.5 14B 65.61 74.42 75.00 72.38 72.41 72.19
Qwen2.5 32B 56.03 74.62 75.28 72.28 73.32 74.54
OLMo-2 32B 72.36 74.25 73.27 75.78 76.60 74.30
Event Detection:
Qwen2.5 3B 67.68 68.56 69.66
Phi 3.5 mini 70.16 68.74 69.67 67.89 69.38 68.37
Mistral 7B 70.97 69.82 70.09 70.21 70.72 69.94
Llama3.1 8B 69.48 70.82 71.55 70.20 71.40 68.43
Mistral Nemo 70.24 72.46 71.56 69.66 71.38 68.98
Qwen2.5 14B 68.35 70.84 71.18
Qwen2.5 32B 70.13 69.92 71.12 68.67
OLMo-2 32B 69.60 70.78 71.44 69.52 69.32 70.51
Named Entity Recognition: OntoNotes
Qwen2.5 3B 87.08 84.93 87.42 85.77 86.98 87.15
Phi 3.5 mini 87.23 83.28 83.29 87.66 86.76 87.51
Mistral 7B 88.78 89.59 89.74 89.10 90.24 90.50
Llama3.1 8B 88.64 88.39 87.46 87.54 89.68
Mistral Nemo 89.39 89.18 89.60 89.64 90.12 90.17
Qwen2.5 14B 88.52 87.71 88.75 87.80 88.04 88.96
Qwen2.5 32B 88.65 88.72 88.66 89.05 89.05 89.40
OLMo-2 32B 88.96 89.82 89.57 90.57 90.54 90.45
Named Entity Recognition: BC5CDR
Qwen2.5 3B 86.03 86.07 86.87
Phi 3.5 mini 86.05 86.67 83.89
Mistral 7B 76.37 90.71 86.31 91.23
Llama3.1 8B 31.61 88.28 90.14 89.24
Mistral Nemo 54.61 89.92 90.05 90.43
Qwen2.5 14B 76.94 78.03 75.84 86.82 88.64 88.89
Qwen2.5 32B 81.13 81.14 81.12 87.85 88.80 88.78
OLMo-2 32B 89.53 89.36 89.57
Semantic Role Labelling: SpRL-2012
Qwen2.5 3B 81.20 84.66 84.40 78.46 81.07
Phi 3.5 mini 79.08 80.48 77.48 77.13 82.24 81.93
Mistral 7B 86.06 86.30 85.27 87.20 86.16 87.86
Llama3.1 8B 82.02 82.47 82.36 83.94 86.49 84.69
Mistral Nemo 82.29 84.37 85.07 84.92 86.69 86.24
Qwen2.5 14B 83.01 87.41 86.90 77.17 80.00 80.61
Qwen2.5 32B 84.14 85.83 85.52 78.28 78.58 79.22
OLMo-2 32B 85.79 86.19 83.56 84.87 84.01 85.99
Semantic Role Labelling: NounAtlas
Qwen2.5 3B 46.26 51.49 50.48
Phi 3.5 mini
Mistral 7B
Llama3.1 8B
Mistral Nemo
Qwen2.5 14B
Qwen2.5 32B
OLMo-2 32B

Table 5: Summary of results (Precision), grouped by benchmark.
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Model | Freetext | Standoff JSON | Standoff Tuple | Inline XML | Inline Linear | Column |

Event Detection: ACE2005

Qwen2.5 3B
Phi 3.5 mini
Mistral 7B
Llama3.1 8B
Mistral Nemo
Qwen2.5 14B
Qwen2.5 32B
OLMo-2 32B
Event Detection:
Qwen2.5 3B
Phi 3.5 mini
Mistral 7B 2 67.86
Llama3.1 8B 68.36 69.05
Mistral Nemo 70.15 69.35
Qwen2.5 14B 68.66 69.05
Qwen2.5 32B 67.76 68.86
OLMo-2 32B 67.96 68.96
Named Entity Recognition: OntoNotes
Qwen2.5 3B 83.10 87.26 87.34 87.74 87.99
Phi 3.5 mini 84.25 86.94 87.53 87.62 88.34
Mistral 7B 89.57 89.96 90.97 90.97 91.43
Llama3.1 8B 88.44 87.80 88.10 90.58
Mistral Nemo 89.18 89.98 90.36 90.77 90.81
Qwen2.5 14B 86.54 88.71 89.30 89.22 89.83
Qwen2.5 32B 88.51 88.82 90.70 90.33 90.46
OLMo-2 32B 89.22 90.11 91.13 90.96 91.01
Named Entity Recognition: BC5CDR
Qwen2.5 3B 84.31 85.68 86.08
Phi 3.5 mini 82.92 85.05 83.07
Mistral 7B 80.28 80.29 88.87 86.37 89.21
Llama3.1 8B 77.82 78.05 88.06 89.30 88.65
Mistral Nemo 77.44 79.18 89.25 89.64 89.20
Qwen2.5 14B 76.65 74.65 87.94 89.04 88.16
Qwen2.5 32B 80.15 79.80 88.04 89.15 88.45
OLMo-2 32B 75.25 77.09 89.35 88.45 88.41
Semantic Role Labelling: SpRL-2012
Qwen2.5 3B 76.38 74.97 79.64 83.08
Phi 3.5 mini WNE 79.08 80.88 80.47
Mistral 7B 86.52 84.72 84.32 83.91 84.59
Llama3.1 8B 81.51 83.31 81.98 83.63 82.94
Mistral Nemo 83.83 84.85 82.12 85.14 86.24
Qwen2.5 14B 79.33 80.87 79.50 80.33 82.94
Qwen2.5 32B 80.10 78.82 77.85 80.74 81.29
OLMo-2 32B 83.31 86.14 78.68 82.39 84.46
Semantic Role Labelling: NounAtlas
Qwen2.5 3B 48.73 49.00 48.30
Phi 3.5 mini 48.10 48.37 4791
Mistral 7B 64.28 62.66
Llama3.1 8B 60.03
Mistral Nemo 64.90 62.98
Qwen2.5 14B 64.42
Qwen2.5 32B 65.72 62.98
OLMo-2 32B 64.33 65.22

Table 6: Summary of results (Recall), grouped by benchmark.
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