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Abstract

Output format is often an unreported factor in LLM evaluations for structured NLP tasks such as Slot Filling or
Named Entity Recognition. This work proposes to explore the impact of the output structured format generated by
LLMs. We show that measured performance and reliability depend on the requested format (JSON, XML or inline
Key-Values). A study is performed across four SLU and three NER benchmarks, considering 13 instruction-tuned
open-weight LLMs, using standardized and open-source prompts and parsers. This format-specific evaluation
reveals statistically significant swings of 2—-46 F;points, depending on model and dataset. Additionally, we propose
a lightweight selection procedure to determine the best format per model-dataset combination using only a small
development slice; thus reducing trial-and-error in practice.

Keywords: evaluation, prompting, output formats, SLU, NER, large language models

1. Introduction

Why does the output format matter when prompting
LLMs for structured understanding tasks? In Spo-
ken Language Understanding (SLU) and Named
Entity Recognition (NER) systems, the output must
be machine-readable (e.g. slot lists or entity spans).
The same prediction can be expressed in multiple
ways, such as key-value lines, JSON, XML or in-
line tags, and these choices affect both the model
output and the evaluation protocol.

Figure 1 illustrates these formats. Although they
appear equivalent to humans, each triggers dis-
tinct failure modes (e.g. malformed braces, tag mis-
matches); Tam et al. (2024) show that even small
syntactic differences cause parser failures, and
token overhead or nesting further affects smaller
models. Consequently, results reported with dif-
ferent output formats are often not comparable un-
less formatting and parsing are explicitly controlled.
Also, the growing interest of grammar-constrained
decoding (Geng et al., 2023) and structured run-
times (Zheng et al., 2024) further motivates mea-
suring structure validity alongside task accuracy.

Despite rapid progress in prompting for struc-
tured NLP tasks such as slot filling (He and Garner,
2023; Mirza et al., 2024; Zhu et al., 2024; Qin et al.,
2024; Wang et al., 2023; Lepagnol et al., 2025) or
NER (Wang et al., 2025; Xie et al., 2024), most stud-
ies fix a single output format, limiting cross-paper
comparability and obscuring format sensitivity. For
NER, alternative outputs (e.g. IOB tags, inline tags,
JSON lists) introduce different parser sensitivities
and metric choices, yet direct format comparisons

remain rare.

Our study addresses this issue by treating output
format as a primary hyperparameter rather than a
presentation detail. We present a format-specific
review and protocol that encompass 13 models, 4
slot-filling benchmarks and 3 NER tasks.

This work is structured around two central re-
search questions:

* RQ1: To what extent do output formats affect
measured performance and reliability?

+ RQ2: How can we select a suitable format
without resorting to exhaustive trial and error?

Section 2 reviews related work. Sections 3—4
describe our methodology and experimental setup,
Section 5 reports results, and Section 6 concludes.

2. Related Work

We review structured NLP tasks (SLU and NER),
instruction-tuned LLMs, and discrepancies in for-
mat comparisons.

2.1. Structured NLP tasks: SLU and NER

Within structured prediction, SLU approaches tar-
get intent detection and slot filling in goal-oriented
systems, while NER identifies and labels spans.

21.1. SLU

Canonical SLU formulations decompose meaning
into infent and slots (Qin et al., 2021b). Early joint
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Utterance: Book a flight from Paris CDG to New York JFK tomorrow.

JSON (object of lists)

{ Key-Value (KV)

 \ XML (tags per mention)

"origin":
"destination":

["Paris CDG"],

origin:
["New York

destination:
date:
location:
location:

JFK"],
"date": ["tomorrow"],
"location": ["Paris", "New

York "]

Paris CDG;

New York JFK;
tomorrow;

Paris;

New York;

<origin>Paris CDG</origin>
<destination>New York JFK</
destination>
morrow</date>
n>Paris</location>
<location>New York</location>

Figure 1: Data Format Comparison: Key-Value, JSON, and XML Representations of Location and Date

Information

models exploited implicit inter-task signals via pa-
rameter sharing (e.g., RNNs/BiRNNs with atten-
tion) (Zhang and Wang, 2016; Hakkani-Tur et al.,
2016). Later work imposed explicit interactions,
first with pipelines where intent guides slots (Goo
et al., 2018; Qin et al., 2019), then bidirectional de-
signs exchanging signals during inference (Wang
et al., 2018; E et al.,, 2019; Zhang et al., 2019a).
Transformer-based co-interactive frameworks fur-
ther systematize this bidirectional flow (Servan
et al., 2006; Alavoine et al., 2024; Qin et al., 2021a).
Despite these advances, most approaches assume
substantial labeled data.

2.1.2. NER

NER classically appears as sequence labeling.
Early neural systems combined recurrent encoders
with CRFs (Hammerton, 2003; Collobert et al.,
2011; Lample et al., 2016), while transformer en-
coders with task-specific fine-tuning later became
dominant (Devlin et al., 2019).

2.2. Instruction-tuned LLMs

Instruction tuning (Wei et al., 2022a) addresses
cross-task generalization by fine-tuning language
models with task instructions and desired out-
puts (Zhang et al., 2023). Aligning next-word pre-
diction with user intent increases controllability
and reliability, leading to models such as Instruct-
GPT (Ouyang et al., 2022) and FLAN-T5 (Wei et al.,
2022a), which often outperform their base counter-
parts. Instruction datasets are commonly built by
templating text-label pairs into instruction-output
pairs (Muennighoff et al., 2023; Longpre et al.,
2023). These models are chosen because they
unify diverse structured NLP tasks under a single
prompting interface.

2.2.1. SLU/NER via instruction.

Recently, generalist models trained on diverse
mixtures target zero-shot transfer (Zaratiana
et al., 2024). In-context and instruction-following
paradigms enable prompting without further train-
ing (Brown et al., 2020; Liu et al., 2023). Concur-

rently, some work optimizes prompts continuously
(prompt tuning) (Ma et al., 2022; Layegh et al., 2023;
Hu et al., 2023), while others explore prompt for-
mulations and structures (Wei et al., 2022b; Ashok
and Lipton, 2023; Wang et al., 2025; Naguib et al.,
2024; Villena et al., 2024; Cocchieri et al., 2025).
Nevertheless, the community lacks a standardized,
widely adopted NER prompting protocol, complicat-
ing fair comparisons across rapidly evolving LLMs.

For SLU specifically, LLM prompts have been
used to jointly address intent and slots (Pan et al.,
2023; He and Garner, 2023; Mirza et al., 2024),
including studies of inter-task interaction with Chat-
GPT (Zhu et al., 2024) and cross-task prompting
that makes information exchange explicit across
models (Qin et al., 2024). Orthogonally, information
retrieval has been used to enrich prompts (primarily
for slot filling) in few-shot regimes (Lepagnol et al.,
2025).

2.3. Discrepancies in Format
Comparisons

A recurring confounder in LLM-based systems is
output format. Generations vary from natural lan-
guage to JSON objects to IOB-style tags, and can
materially affect reported F;. Broadly, prompting
strategies split into two families: Tagging prompts
insert markers around mentions (Naguib et al.,
2024; Wang et al., 2025); Listing prompts return
entities as a structured list (Ashok and Lipton, 2023;
Mirza et al., 2024; Zhu et al., 2024; Lepagnol et al.,
2025; Cocchieri et al., 2025; Villena et al., 2024).
Tagging prompts require as many inferences as
the number of labels, while listing prompts require
only a single inference for all labels. Therefore, we
focus on listing prompts in our study.

There are several implementations in the listing-
prompt literature: concise inline lists (Ashok and
Lipton, 2023), JSON/XML serializations (Mirza
et al., 2024; Villena et al., 2024), key-value ta-
bles (Lepagnol et al., 2025), natural-language
statements (Zhu et al., 2024), or (span, label) tu-
ples (Cocchieri et al., 2025). Most studies fix one
representation and parser, without comparing for-
mat sensitivity; this motivates our format-specific
evaluation protocol. We therefore want to disentan-
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gle modeling effects from formatting and parsing
effects.

2.4. Position

Our work addresses this blind spot by elevating
output format to a first-class experimental factor,
providing evidence of its impact and practical se-
lection methods for fair and reproducible SLU/NER
evaluation.

3. Methodology

This section presents our evaluation protocol,
parsers, and our selection procedure to quantify
how output formats affect measured performance
and to choose a reliable format with minimal as-
sumptions and auditable steps.

3.1. Task Formulation

We study two similar sequence labeling tasks,
single-turn slot-filling (SF) for SLU and Named En-
tity Recognition (NER). Figure 2 illustrates this task
formulation. The same formalization applies to both
tasks: Given a sentence x and a list of labels ), the
system outputs a set {(y;, ;) } where y; €Y and z
is a part of x.

Exemple :

Utterance: “Book a flight from Paris CDG to New York JFK tomorrow”

Slots: {origin, destination, date, location}
Output: {(origin, “Paris CDG"), (destination, “New York JFK”), (date,

“tomorrow”), (location, “Paris”), (location, “New York”)}

Figure 2: Example of a sequence labeling task

We use the macro F;score as the evaluation
metric, with exact span+label matching (case in-
sensitive) as outlined in Section 4.

3.2. Output Formats Comparison (RQ1)

We provide a detailed overview of the formats we
compare, how we convert generations into slot
predictions, and how we statistically assess dif-
ferences.

3.2.1. Formats Compared

We evaluate three widely used formats: JSON,
XML, and Key—Value (KV). We use flat schemas
and allow repeated labels and multiple mentions,
to capture nested annotations. Figure 1 illustrates
the differences between the formats in a concrete
example.

3.2.2. Format-specific Parsing

Raw generations are converted into predictions
using format-specific regular expressions. During
parsing, we remove any duplicates or repetitions
(i.e. the same span with the same label) from the
prediction. This distinction clarifies whether failures
occur in terms of syntax or task performance.

3.2.3. Statistical Significance Testing

We assess whether observed Fdifferences across
formats are statistically significant with a percentile
bootstrap on paired differences (Keller et al., 2005)
conducted independently for each model-dataset
combination.

For every pair of formats (Format,, Format;) we
draw 3,000 bootstrap samples (with replacement)
of the evaluation, then we compute the difference
plormaty _ pformats o each sample, and form a 95%
confidence interval from the empirical quantiles of
the resulting distribution.

3.3. Format Selection (RQ2)

We investigate whether it is possible to automat-
ically select the best format for a given model-
dataset pair using only a small development set.
Our approach consists in selecting the format that
scores the best on the development set.

The evaluation is based on the difference in
Fyscore between the selected format (JSON, KV,
xML) and the oracle format on the test set (more
details in Section 5.2).

4. Experimental Material

This section provides an overview of the experimen-
tal material used, including prompts, generation
settings, datasets and models.

Allimplementation details, including retrieval con-
figuration, prompts, decoding settings and parsers,
are available to ensure reproducibility’.

4.1. Prompt Design & Generation
settings

Figure 3 illustrates an example of the Kv prompt
format for the Slot Filling task, structured into four
components.

We choose to include 10 examples in the prompt
according to the current state of the art (Mirza et al.,
2024; Lepagnol et al., 2025; Naguib et al., 2024;
Wang et al., 2025).

As proposed by Lepagnol et al. (2025), exam-
ples were selected using BM25 similarity scor-
ing (Robertson and Zaragoza, 2009), which re-
trieves contextually relevant examples from the train

https://gitlab.lisn.upsaclay.fr/phd-pierre-lepagnol/
format-constrained-for-slu.git
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split. We generate 512 tokens using greedy decod-
ing to ensure reproducibility.

Constrained decoding generation (CDG) en-
forces valid output structure by restricting the
model’s vocabulary to tokens permitted by a formal
grammar at each decoding step. However, Beurer-
Kellner et al. (2024) show that CDG often impairs
performance due to misalignment between learned
token distributions and grammar constraints, forc-
ing suboptimal token selection. Given these limita-
tions, we perform unconstrained decoding in our
experiments.

You are an expert annotator for

{slot filling} tasks. Your objec-—

tive is to extract all relevant System
information from the user’s input prompt
based on the specified intent and
available {slots}.

Task Instructions: Identify {slots}
and annotate the sentence.

Available {Slots}:

- facility, sort, service, cuisine,
album

— served_dish, music_item, O (null)

= [[ooc]

Instruction block
& Slots
reference.
(Shortened)

Format: "{SLOT:Value;}"

"add enduser to the grime instru-—
mentals playlist”

Example user utterance
#1 to annotate.

artist: enduser; playlist: grime

—».| Example extracted slot
instrumentals

values for utterance #1.

"how will be the weather today in
the evening”

date: today; timeofday: evening

"What is the weather like in Rotter-— " .
—» Final test input to label.
dam tomorrow?"

Figure 3: Example of prompt template with Key-
Value format for Slot Filling task: In red, system
prompt. In green are the task instructions with al-
lowed slots. In blue, examples with labeled slots.
In gray is the current utterance we want to label. In
bold, specific part depending on task (SF/NER)

4.2. Datasets & Evaluation Metrics

Our work uses four well-established SLU and three
NER datasets. For each dataset, we report the
number of sentences in the training, development,
and test splits, as well as the number of label types.

+ ATIS is an English dataset with queries about
airline travel information (Hemphill et al., 1990).
It contains 4,978 training, 500 development,
and 893 test sentences, and the number of
label types is 79 in training, 67 in development,
and 69 in test.

» SNIPS is an English dataset from the SNIPS
personal assistant (Coucke et al., 2018). It con-
tains 13,084 training, 500 development, and

700 test sentences, with 39 label types in all

splits.
* SLURP is an English dataset simulating single-
turn interactions between users and a voice-
controlled assistant (Bastianelli et al., 2020). It
contains 11,514 training, 2,033 development,
and 2,974 test sentences, with 55 label types
in training and 53 in development and test.
MEDIA is a French dataset about hotel reserva-
tions and information (Bonneau-Maynard et al.,
2005; Alavoine et al., 2024). It contains 13,712
training, 1,367 development, and 3,767 test
sentences, and the number of label types is
144 in training, 104 in development, and 125
in test. We used the 2022 relaxed scoring
version (Laperriere et al., 2022), which simpli-
fies attributes by excluding specifiers, enriched
with intent labels from Alavoine et al. (2024).

For NER, we rely on three complementary
datasets:

+ CoNLL-2003 (Tjong Kim Sang and De Meul-
der, 2003) is a manually-annotated multilin-
gual NER dataset released as part of the
CoNLL shared tasks. It contains 14,986 train-
ing, 3,465 development, and 3,683 test sen-
tences, and four entity types. Mentions of per-
sons, locations, organizations, and miscella-
neous entities are annotated. We use the En-
glish data of the 2003 version, which consists
of Reuters news stories between 1996 and
1997.

WikiNER (Nothman et al., 2013) is a multi-

lingual, silver-standard NER dataset. It con-

tains 129,376 training, 500 development, and

14,398 test sentences, and three entity types.

It consists of a 2010 snapshot of Wikipedia in

nine languages. Hyperlinks referring to per-

sons, locations or organizations were automat-
ically annotated. We use the English version
of this dataset.

» E3C (Magnini et al., 2021) is a European multi-
lingual corpus (Italian, English, French, Span-
ish, and Basque) of semantically annotated
clinical narratives. Texts are collected from
multiple publicly-available sources such as ab-
stracts extracted from CC-licensed journals.
We use the gold standard material available
from the English versions of this dataset. It con-
tains 100 training, 101 development, and 312
test sentences, and six entity types: actors,
body parts, events, RMLs (measurements and
test results), and clinical entities.

4.3. Models

Experiments were conducted on open-weight mod-
els from 4 families: Llama models, SmolLM2
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Task ATIS SNIPS SLURP MEDIA

Model Name JSON KV XML | JSON KV XML | JSON KV XML | JSON KV XML
Llama-3.1-8B-Instruct 91.45 91.40 91.31 | *89.21 88.21 87.55 | *59.12 *64.27 *55.76 62.32 *64.32 62.21
Llama-3.2-1B-Instruct 79.80 80.13 *77.81 7434 7156 73.01 53.51 *58.54 53.85 5498 55.07 54.41
Llama-3.2-3B-Instruct 87.23 86.37 86.44 83.90 84.03 84.31 | *50.36 *55.65 *51.85 | *57.43 *63.09 *58.95
Qwen2.5-0.5B-Instruct 76.42 76.68 74.83 69.95 69.00 68.04 50.04 *51.57 4953 | *55.52 *56.66 *53.26
Qwen2.5-1.5B-Instruct 85.75 86.52 86.00 81.71 82.32 82.03 | *52.42 *58.06 *50.80 59.32 59.56 59.02
Qwen2.5-3B-Instruct 90.38 89.64 88.91 84.51 83.41 84.30 | *56.95 *60.37 *61.47 61.36 61.47 61.15
Qwen2.5-7B-Instruct 90.84 90.91 90.68 88.42 8755 86.82 62.28 *66.52 61.37 62.46 62.26 *61.46
Phi-3-medium-128k-instruct 89.28 89.22 88.93 86.82 85.62 86.40 63.57 *65.59 63.12 | *61.55 *63.45 *62.61
Phi-3-mini-128k-instruct 87.47 87.36 87.54 83.72 83.87 83.65 58.80 *61.01 58.54 | *55.61 *65.01 *18.11
Phi-4-mini-instruct 88.81 87.77 87.55 84.12 83.83 84.55 51.18 *54.89 51.50 61.27 *62.28 60.53
SmolLM2-1.7B-Instruct 84.31 84.32 *82.30 80.25 79.60 80.07 58.33 60.75 59.54 | *59.99 *61.15 *62.82
SmolLM2-135M-Instruct 69.52 70.58 70.70 63.65 *65.78 62.53 53.81 52.58 53.53 49.01 *35.67 48.86
SmolLM2-360M-Instruct 75.73 75.83 75.53 71.80 7241 71.89 | *54.72 56.43 56.83 53.29 53.94 *54.97

Table 1: Fyscores for SLU tasks. Models are grouped by families and sorted by size. Best performance
per format is in bold. * marks statistically significant scores over other formats for each task.

Task CONLL2003 WIKINER E3C

Model Name JSON KV XML | JSON KV XML | JSON KV XML
Llama-3.1-8B-Instruct *67.09 68.34 68.62 | *72.99 *75.87 *74.00 51.76 55.38 53.57
Llama-3.2-1B-Instruct *51.48 *55.77 *48.21 | *48.53 *55.91 *43.13 37.14 38.87 *28.60
Llama-3.2-3B-Instruct *58.57 60.77 59.88 | *68.36 70.86 70.56 46.93 48.55 *38.23
Qwen2.5-0.5B-Instruct *49.79 53.84 5355 | *52.66 *57.46 *56.09 33.40 35.79 *28.62
Qwen?2.5-1.5B-Instruct 59.10 *61.00 58.48 61.00 *62.61 60.50 | *40.37 35.33 36.47
Qwen?2.5-3B-Instruct *65.14 68.04 67.75 | *67.57 *70.77 *68.58 50.61 *53.41 48.60
Qwen?2.5-7B-Instruct *71.89 *76.18 *74.61 | *72.33 *75.19 *73.63 48.50 *54.13 49.55
Phi-3-medium-128k-instruct ~ *64.31 *61.60 *63.22 | *68.19 *65.35 *70.08 | 52.49 50.98  49.68
Phi-3-mini-128k-instruct *58.57 59.88 60.26 64.73 64.59 *66.03 | *51.18 *47.63 *44.93
Phi-4-mini-instruct *56.95 54.33 55.40 65.56 *66.59 65.83 41.35 39.59 40.01
SmolLM2-1.7B-Instruct 54.80 54.28 54.58 57.35 *54.22 57.77 35.28 36.25 34.40
SmolLM2-135M-Instruct 43.00 45.08 4416 | *45.33 *49.22 *48.48 23.47 *29.35 24.05
SmolLM2-360M-Instruct 47.91 47.73 49.08 49.36 49.59 48.86 | *21.83 24.42 24.46

Table 2: Fscores for NER tasks. Models are grouped by families and sorted by size. Best performance
per format is in bold. * marks statistically significant scores over other formats for each task.

models, Phi models, and Qwen models.

Models were selected to provide comparison
across different sizes (150M to 14B parameters)
and training data mixtures, ensuring reproducibility
through open weights.

Experiments were conducted on a single NVIDIA
A100 GPU using vLLM (Kwon et al., 2023) for effi-
ciency.

5. Results

We now report how output formats shape measured
performance and reliability and how practitioners
can identify a suitable format without exhaustive
trials, based on the protocol outlined in Section 3
and the material in Section 4.

RQ1: To what extent do output formats affect
measured performance and reliability? Subsec-
tion 5.1 quantifies the magnitude of format sensi-
tivity across 13 instruction-tuned LLMs x 4 SLU
and 3 NER benchmarks, highlighting statistically
significant performance gaps.

RQ2: How can we select a suitable format
without resorting to exhaustive trial and er-
ror? Subsection 5.2 evaluates data-driven se-
lection strategies against an oracle upper bound,
showing that lightweight procedures can recover
near-optimal formats with limited development data.

5.1. Format Performance Impact

Analysis (RQ1)

Table 1 and Table 2 present the results obtained
for the SLU tasks and the NER tasks, respectively.
Statistical significance between formats is indicated
using a star (*) beside the score; when all three
scores have stars for a task, this means that each
format differs significantly from the others in the
considered task.

Across the 156 model-dataset-formats combina-
tions (13 models x 3 formats x 4 SLU datasets)
reported in Table 1 and the 117 combinations (13
models x 3 formats x 3 NER datasets) reported
in Table 2, one can observe that the choice of out-
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put format has a measurable impact on Fjscores.
Following the protocol described in Section 3.2.3,
pair-wise tests found significant format differences
in 65 of 156 SLU combinations and 78 out of 117
NER combinations.

We conduct our analysis at two levels of sensi-
tivity: the dataset level and the model level. The
results of these analyses are presented in the fol-
lowing subsections.

5.1.1. Dataset-Dependent Format Sensitivity

From a dataset-level perspective, we assess the
sensitivity of each dataset to the output format. We
report in Table 3 for each dataset the spread of
Fybetween best and second-best format, and be-
tween best and worst format, averaged across all
evaluated models.

On one hand, we identify two datasets that
seem insensitive to the output format: ATIS and
SNIPS. These datasets can be described as format-
agnostic. ATIS and SNIPS show very few signifi-
cant pairwise spreads in Table 1. Only 7 pairwise
format differences are significant for the ATIS task,
and 6 for the SNIPS task. Their average best—worst
spread is ~1.0 F;(ATIS) and ~1.28 F;(SNIPS).

On the other hand, SLURP, and MEDIA, exhibit
many more significant pairwise differences and,
in several cases, larger spreads. On SLURP, 27
pairwise differences are significant, albeit with a
best—worst spread of 4.02 F; (indicating consistent
but moderate format effects). On MEDIA, 25 are
significant with a much larger best—worst spread
of .31 Fy(with a maximum of 46.90 F3for a single
model-dataset pair), pointing to stronger format
sensitivity.

For the NER tasks, results presented in Table 2
show that all three datasets are format sensitive.
WIikiNER shows the highest sensitivity with 32 (over
39) pairwise differences that are significant with a
best—worst spread of 2.77 F;. For CoNLL-2003,
25 pairs are significant (64.1%) with a best—worst
spread of 3.58 Fy. Finally, for E3C, 21 pairwise
differences are significant with a best-worst spread
of 5.23 Fy.

SLU Datasets: ATIS SNIPS SLURP MEDIA
Fpest. prpecond 0.32 0.67 2.75 1.69
Fpest. pyorst 1.00 1.28 4.02 6.31
NER Datasets: CONLL2003 WIKINER E3C

Fpest. prpecond 1.14 1.66 2.43

Fpest. pyorst 2.77 3.58 5.23

Table 3: Performance spreads between best,
second-best, and worst performing format across
datasets, averaged across models. Values show
F1 score differences with higher values indicating
greater performance variability between formats.

This dataset-level format sensitivity observed
across all these tasks may be explained by two
main factors. First, it is possible that ATIS and
SNIPS, being widely used benchmark datasets,
have partially leaked into the pre-training data of
the evaluated models, which could make them less
sensitive to formatting variations. Second, these
datasets are inherently simpler, featuring fewer la-
bels, and utterances that are generally closer to the
token distributions seen during model training.

Consequently, while ATIS and SNIPS appear
largely format-agnostic, more complex datasets
such as SLURP, MEDIA, and especially WikiNER
exhibit pronounced performance variability across
formats, necessitating more careful format selec-
tion.

5.1.2. Model-Level Format Sensitivity

Model Flbest_FlseQ Flbest_Fizvorst
SmolLM2-360M-Instruct 0.50 1.35
Phi-4-mini-instruct 1.36 1.84
SmolLM2-1.7B-Instruct 0.67 1.98
Phi-3-medium-128k-instruct 1.12 2.31
Qwen?2.5-3B-Instruct 1.06 2.62
Qwen?2.5-1.5B-Instruct 2.02 2.69
Llama-3.1-8B-Instruct 1.74 2.92
Qwen2.5-7B-Instruct 1.87 2.97
Qwen?2.5-0.5B-Instruct 1.13 3.60
Llama-3.2-3B-Instruct 1.69 3.89
SmolLM2-135M-Instruct 1.38 4.41
Llama-3.2-1B-Instruct 2.84 5.91
Phi-3-mini-128k-instruct 2.44 8.45

Table 4: Performance spreads between best and
second-best format, and between best and worst
format averaged across all evaluated datasets. Val-
ues represent F1 score differences, with higher
values indicating greater performance variability
between models.

Complementing the dataset-level view, we now
analyze model-level format sensitivity. Table 4 dis-
plays the spread in F;model-wise between best and
second-best format, and between best and worst
format averaged across all evaluated datasets.

To understand how different models respond
to output format, we aggregate format sensitivity
across all seven datasets. The 13 models span
a wide sensitivity spectrum, from robust (minimal
format impact) to highly sensitive (up to 40-point
degradation).

We identify three distinct groups based on their
format sensitivity.

The most robust group—SmolLM2-360M,
SmolLM2-1.7B, Phi-4-mini, and Phi-3-medium—
exhibits best-worst spreads below 2.3 points
(Table 4).
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The second group shows modest sensitivity to
format choice. Qwen2.5-0.5B/3B/7B, Llama-3.1-
8B-Instruct, and Llama-3.2-3B-Instruct fall into this
category, exhibiting average best-sec. spreads
around 1.1-2 points and best—worst gaps around
2.3-3.9 points.

Finally, the third group is the one that shows the
highest sensitivity. Phi-3-mini-128k-instruct shows
the most extreme sensitivity with the largest best-
worst spread (~8.45) and a dramatic per-dataset
swing of ~46.90 points on MEDIA (xM1, 18.11 vs.
KV 65.01). Llama-3.2-1B-Instruct exhibits simi-
larly high sensitivity (best—sec. ~2.84; best—worst
~5.91), with a per-dataset swing of ~12.78 on
WIkINER. SmolLM2-135M-Instruct, despite having
a moderate best—worst spread (~4.41), can still
swing up to ~13.34 points on MEDIA.

Format robustness does not simply scale with
parameter count—the 360M SmolLM2 outperforms
several 1B+ models—suggesting that training mix-
ture matters more than size. For practitioners, ro-
bust models can safely rely on a single format
choice (often kKv), while highly sensitive models
require careful, dataset-specific format selection to
avoid substantial performance degradation.

5.1.3. Format Sensitivity Preferences

Building on the sensitivity analysis, clear format
preferences emerge across datasets. On SLURP,
KV dominates, winning 10 out of 13 model compar-
isons. Here, KV scores better than alternatives with
an average +3.39 Fjadvantage. WIkiNER shows
the same trend: Kv wins 10 out of 13 comparisons
with a +1.70 Fymean margin. On MEDIA, KV wins
9 over 13 times with a +2.11 Fjadvantage on aver-
age, whereas XML and JSON each lead in only 2 of
13 comparisons. On CoNLL-2003, KV is preferred,
winning 7 of 13 comparisons with an average +1.45
Fyadvantage.

SNIPS mildly favors JsoN, which leads in 7 of 13
comparisons with a small +0.71 Fjaverage gain.

In sum, format selection has minimal impact on
ATIS and SNIPS, but proves decisive on SLURP,
WIikiNER, and CoNLL-2003, where KV consistently
outperforms alternatives. For MEDIA, both kv and
XML perform comparably.

Although kv performs best across many
datasets, this preference is not systematic across
all models, with some models showing different for-
mat preferences depending on the specific dataset.

These results raise a practical question: rather
than committing to a single format in advance, can
we choose the most suitable format automatically
for each dataset—-model pair without exhaustive trial
and error?

5.2. Automated Format Selection (RQ2)

We aim to select the best format for each pair of
model and dataset by estimating the performance
of each format on a development set (Max-on-Dev
strategy).

For better readability, we display the results
by dataset, averaged across models. For each
dataset, each model has its dedicated format.

We compare three strategies averaged over
13 models per dataset: (i) Oracle (best-of-three
per model), (i) Random selection: uniform over
JSON/KV/XML, and (iii) Max-on-Dev. Results ap-
pear in Table 5.

Max-on-Dev Max-on-Dev

Datasets Oracle F1 Random (100%) (20%)
ATIS 84.60 84.16 84.48 84.35
SNIPS 80.52 79.87 79.93 79.89
SLURP 59.15 56.87 59.06 58.84
MEDIA 60.01 57.36 60.00 59.83
CONLL2003 59.59 58.28 59.26 58.97
WIKINER 63.69 61.96 62.85 62.36
E3C 43.20 40.68 42.03 42.03

Table 5: Format selection performance (in terms
of Fyscore) across different selection strategies on
100% and 20% development set data. Oracle rep-
resents the theoretical upper bound, while Random,
Max-on-Dev show performance of different selec-
tion approaches.

Max-on-Dev (Table 5) improves over Random
selection by 1.01 Fjon average, with the largest
gains on format-sensitive datasets: MEDIA (+2.47),
SLURP (+1.97), E3C (+1.35), versus modest gains
on CoNLL-2003 (+0.69), WikiNER (+0.40), ATIS
(+0.19), SNIPS (+0.02). Development-based se-
lection thus delivers the most value precisely where
format sensitivity is highest.

After applying Max-on-Dev, the residual gaps
to Oracle performance remain small and dataset-
dependent. The smallest gaps occur on ME-
DIA (0.18), ATIS (0.25), and SLURP (0.31), while
slightly larger gaps persist on SNIPS (0.63), CoNLL-
2003 (0.62), E3C (1.17), and WIkiNER (1.33).
These results confirm that on datasets like SNIPS
and ATIS, the marginal benefit over Random selec-
tion is minimal, whereas on SLURP and MEDIA,
Max-on-Dev provides decisive improvements.

5.2.1. Variation of Development-set size

We vary the development-set proportion from 10
to 100% and report the average gap to the Ora-
cle (lower is better). The results are presented in
Table 6.

Regarding the required development-set size,
our analysis reveals that most benefits are achieved
with surprisingly small data splits. The average
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gap to Oracle decreases sharply with small de-
velopment sets before plateauing: from approxi-
mately 0.80 at 10%, 0.64 at 20%, 0.55 at 50%,
and finally 0.45 at 100%. Notably, diminishing re-
turns appear beyond 30-50% of the data, indicat-
ing that in practice, using only 20% of available
data for development recovers most of the achiev-
able improvement, particularly on format-sensitive
datasets. Note that the detailed 20% split results
for the different datasets are presented in Table 5.

Despite the small performance gap, the compu-
tational and environmental cost of LLM inferences
can be mitigated by taking only a small data split
for format selection.

Dev% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

AGGaD 50 064 070 061 055 054 047 048 047 045
to Oracle

Table 6: Average gap to the Oracle over all datasets
(F1) for the format selection strategy (development-
set sample from 10 to 100%). The lower the better.

6. Conclusion

This work establishes output format as a critical,
reportable feature in LLM-based information extrac-
tion evaluations. Through systematic experiments
across 13 instruction-tuned models and 7 datasets,
we demonstrate that format choices can induce
statistically significant performance swings of 2—-46
Fypoints, depending on the model-dataset combi-
nation.

ATIS and SNIPS are largely format-agnostic,
whereas SLURP, MEDIA, WikiNER, CoNLL-2003,
and E3C show substantial sensitivity (64—-82% of
format pairs differ significantly). Across sensitive
datasets, kv formatting emerges as the most reli-
able default. Lightweight format selection on just
20% of development data comes within 0.63 F of
the oracle, mostly eliminating the need for exhaus-
tive experimentation.

Treating format as a first-class experimental fac-
tor addresses a reproducibility gap: format-induced
variance sometimes exceeds differences between
model families, showing how unreported choices
can obscure true advances.

Standardizing format reporting and selection pro-
cedures will yield more reliable benchmarks and
fairer model comparisons.

7. Limitations & Future Work

We evaluate three structured formats but exclude
natural language generation (e.g., "Paris is a
location.") and IOB/BIO tagging schemes (e.g.,
B-LOCATION). Our prompts use a fixed tem-
plate structure with 10 BM25-retrieved examples.
Prompt variations (example count, instructions, self-
consistency) and sampling-based decoding (tem-

perature, top-p) might interact with format choice
in ways we have not explored.

Our 13 models represent only open-weight
instruction-tuned models; conclusions may not
transfer to closed-source systems (GPT-4/5,
Claude, etc.). Similarly, while datasets are stan-
dard benchmarks, they are in English, except for
MEDIA (in French).

Future work could extend the analysis to
constrained decoding methods (e.g. grammar-
constrained generation), investigate format interac-
tions with other hyperparameters (prompt design,
temperature), and test whether format preferences
generalize across languages and domains.

Finally, as models become more capable, track-
ing how format sensitivity scales will show whether
this issue diminishes or persists.
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