EACL 2026

Proceedings of the 19th Conference of the European Chapter
of the Association for Computational Linguistics

Volume 5: Industry Track

March 25-27, 2026



©2026 Association for Computational Linguistics

Order copies of this and other ACL proceedings from:

Association for Computational Linguistics (ACL)
317 Sidney Baker St. S

Suite 400 - 134

Kerrville, TX 78028

USA

Tel: +1-855-225-1962

acl@aclweb.org

ISBN 979-8-89176-384-5



Introduction

We are pleased to welcome you to the EACL 2026 Industry Track, held on 25-27 March 2026, during
the main conference days of the 19th Conference of the European Chapter of the Association for Com-
putational Linguistics. The track attracted 170 submissions, and a total of 167 reviewers contributed to
the review process. After double-blind peer review, 71 papers were selected for presentation at the EACL
2026 Industry Track. Of these, 57 papers will be presented as oral talks (26 virtually) and 14 as posters.

Thematically, large language models are central to many submissions, with a strong emphasis on groun-
ded, production-facing systems rather than standalone generation. Prominent themes include retrieval
and grounding, with advances in retrieval-augmented generation, re-ranking, robustness to noisy or re-
dundant retrieval context, and compliance-aware search. Another major thread involves structured and
agentic workflows for complex, multi-step tasks, alongside rigorous evaluation via new benchmarks and
error-analysis frameworks covering reasoning, information extraction, and safety. Many papers also
focus on multimodal understanding, document and table understanding, and domain adaptation under
real-world constraints such as latency, privacy, and multilingual settings. These directions span applica-
tions in healthcare, finance, law and enterprise, e-commerce and search advertising, workforce analytics,
and interactive decision support.

We would like to thank the authors of all Industry Track submissions, as well as the reviewers, for their
hard work and dedication under tight deadlines. We also thank the General Chair, the Technical Open
Review Chair, the Virtual Infrastructure Chairs, the Website Chair, the Publication Chairs, and all the
other EACL 2026 committees. Finally, we would like to thank the ACL team and the Underline team,
especially Jennifer Rachford and Damira Mrsic.

Yevgen Matusevych, Nikolaos Aletras, Giilsen Eryigit
Industry Track Chairs
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Abstract

Large Language Models (LLMs) have achieved
remarkable success across a wide spectrum
of natural language processing tasks. How-
ever, their ever-growing scale introduces signif-
icant barriers to real-world deployment, includ-
ing substantial computational overhead, mem-
ory footprint, and inference latency. While
model pruning presents a viable solution to
these challenges, existing unstructured pruning
techniques often yield irregular sparsity pat-
terns that necessitate specialized hardware or
software support. In this work, we explore
structured pruning, which eliminates entire ar-
chitectural components and maintains compati-
bility with standard hardware accelerators. We
introduce a novel structured pruning framework
that leverages a hybrid multi-domain calibra-
tion set and an iterative calibration strategy to
effectively identify and remove redundant chan-
nels. Extensive experiments on various models
across diverse downstream tasks show that our
approach achieves significant compression with
minimal performance degradation.

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable capabilities in natural language
processing, enabling a wide range of applications
such as question answering, summarization, and
code generation (Ding et al., 2022; Qin et al., 2023;
Zhu et al., 2023; Li et al., 2023a). Moreover, these
models also demonstrate exceptional performance
across a wide range of other domains, including
medicine (Qi et al., 2025a; Luo et al., 2025; Cong
et al., 2025; Qi et al., 2025b), security (Ma et al.,
2025; Wu et al., 2025), and various social tasks
(Zhang et al., 2025b,a; Zheng et al., 2025b,a). As
model sizes continue to grow, LL.Ms exhibit emer-
gent behaviors and enhanced reasoning abilities.
However, the increasing scale and complexity of

“These authors contribute equally to this work.
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these models pose significant challenges for prac-
tical deployment. The substantial computational
and memory requirements lead to high inference
latency, elevated energy consumption, and strict
hardware constraints, which limit their usability in
resource-constrained or real-time settings (Zhang
et al., 2023; Huang et al., 2023; Wang et al., 2023).
These challenges highlight the urgent need for ef-
fective model compression and acceleration tech-
niques that align with the unique characteristics of
LLMs.

Among various solutions, model pruning (Ma
et al., 2023; Ashkboos et al., 2024; Li et al., 2023b;
Han et al., 2015) has emerged as a particularly
promising direction. It can be broadly categorized
into unstructured pruning and structured pruning.
Unstructured pruning (Liao et al., 2023; Anony-
mous, 2024) removes individual weights from pa-
rameter matrices, but often results in irregular spar-
sity patterns that demand specialized hardware and
software for efficient execution. This irregular-
ity not only complicates storage and inference but
also reduces portability and scalability. Common
unstructured approaches evaluate the significance
of individual parameters and eliminate those with
minimal impact, followed by adjustments to the
remaining weights. While effective in some cases,
these methods disrupt the model’s structural coher-
ence.

Structured pruning (Ashkboos et al., 2024; Yang
and Zhang, 2022) offers an alternative that ad-
dresses these limitations by removing entire archi-
tectural components such as neurons, channels, or
layers. This type of pruning simplifies the model at
a coarser granularity, making the resulting models
more compatible with general-purpose hardware
and standard deep learning frameworks. It reduces
both computational overhead and memory usage
while preserving the high-level structure of the orig-
inal model.

In this work, we present a new structured pruning
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framework that integrates a hybrid calibration set
drawn from multiple domains with an iterative cali-
bration strategy. This design enables accurate iden-
tification of redundant channels with minimal loss
in model performance. By combining diverse data
representations with a progressive pruning process,
our method achieves efficient model compression
and strong generalization across downstream tasks.
Extensive experiments on a variety of LLM archi-
tectures demonstrate that our approach outperforms
existing structured pruning baselines in terms of
both compression ratio and accuracy preservation.
Our contributions are summarized as follows:

* Multi-domain hybrid calibration set. We
design a diverse calibration dataset that spans
multiple domains, including Wikipedia arti-
cles, Common Crawl data, code repositories,
and mathematical texts. This diversity enables
the pruning process to generalize more effec-
tively across a wide range of linguistic and
semantic patterns.

* Iterative channel selection. We propose an it-
erative calibration strategy that incrementally
refines the choice of channels to prune. This
progressive refinement improves both the ac-
curacy of channel selection and the robustness
of the pruned model.

¢ Comprehensive evaluation. We evaluate our
approach on the Qwen2.5 families using a
broad set of downstream tasks and datasets.
Our method consistently achieves strong per-
formance while delivering substantial model
compression.

2 Related Work

2.1 Compression Techniques for Large
Language Models

With the rapid growth of large language models
(LLMs) containing billions of parameters, efficient
and scalable compression has become increasingly
essential. Knowledge distillation (Yang et al., 2021;
Zhang et al., 2024), though effective, is often im-
practical at this scale due to the high cost of training
student models. Quantization methods (Zhou et al.,
2023; Cai et al., 2023; Zhou et al., 2024) reduce
memory and computation by lowering numerical
precision, but face challenges in LLMs such as ac-
tivation outliers and sensitivity to precision errors
that can significantly degrade performance.

2.2 Structured Pruning for Neural Networks

Network pruning is a long-standing approach for
compressing neural networks by removing redun-
dant parameters (Ma et al., 2023; Ashkboos et al.,
2024; Li et al., 2023b; Han et al., 2015; Yang and
Zhang, 2022). Early unstructured pruning meth-
ods eliminate individual weights based on magni-
tude or sensitivity, achieving high sparsity but poor
hardware efficiency. In contrast, structured prun-
ing removes entire channels, neurons, or attention
heads, preserving layer regularity and enabling ef-
ficient parallel computation and memory access.
Recent advances (Ma et al., 2023) extend struc-
tured pruning to transformer architectures, employ-
ing criteria such as ¢; norms, gradient signals, and
second-order approximations. Post-training struc-
tured pruning further enables compression without
full retraining, though lightweight fine-tuning is
often required to recover performance after aggres-
sive pruning.

3 Methodology

In this section, we present a structured pruning
framework for large language models that inte-
grates a variance-based importance criterion from
FLAP (An et al., 2024), a domain-diverse calibra-
tion dataset to enhance generalization across input
distributions, and an iterative calibration strategy
that refines pruning decisions by accounting for
cumulative pruning effects, improving stability and
final performance.

3.1 Preliminary

Recent studies introduce bias compensation to mit-
igate pruning-induced output shifts. In structured
pruning, the output of an uncompressed layer can
be expressed as follows:

whHXE (1)

Removed Part

WX = (M oWH)X 4+ (1- M) e

Retained Part

where W and X denote the weights and inputs of
the ¢-th layer, and M* € {0, 1}Shape(We) is a binary
mask indicating the retained structures. The goal
is to minimize the influence of the removed part,
AY? = ((1—-M" oW XY, on the output feature
map. To compensate for this error, a bias term can
be constructed from the mean input activations over
tokens and samples for each channel as follows:
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Figure 1: Overview of our proposed method.

After determining the pruning mask M, the base-
line activations of pruned channels are transformed
into a bias vector as follows:

B, = W/ ((1- M) 6 X)) 3)

WX~ M oWHX+ B @)

where Bé € R approximates the output of the
original layer. Channel importance depends on

both input variance and weight magnitude. A fluc-
tuation metric is defined as follows:

N
S1 = s DX - X )P W2 )
n=1
and channels with lower fluctuation scores are
pruned, with the resulting error compensated by
B,

Compared to incremental pruning methods that
analytically adjust weights after each removal step,
this bias-based strategy prunes all target structures
in one shot and compensates the output shift using
the estimated bias term. It eliminates retraining and
is computationally efficient, but its effectiveness
depends on accurate activation statistics obtained
from calibration data. To enhance robustness, we
propose two extensions: (i) constructing a domain-
diverse calibration dataset to better capture acti-
vation statistics, and (ii) introducing an iterative
calibration strategy to mitigate cascading errors in
one-shot pruning. These components are detailed
below, and Figure 1 provides an overview of the
method.

3.2 Multi-domain Hybrid Calibration Set

To enable structured pruning that generalizes across
diverse real-world applications, we construct a

domain-diverse calibration dataset. Prior pruning
methods typically rely on calibration sets from a
single or narrow domain, which biases importance
estimation toward domain-specific features and re-
duces robustness in heterogeneous environments
where input distributions vary widely.

Formally, consider K distinct domains D =
{D1,...,Dk}, each with input distribution
Py(X). For the ¢-th layer, the mean activation
and variance in domain & are defined as follows:

X). = Exp (XY, Vi =Ex-p[(X' ~X})? (6)

which capture domain-specific activation patterns
shaped by linguistic or semantic properties. A sin-
gle domain calibration dataset samples only from
Py (X), yielding biased importance metrics that
may degrade out-of-domain performance. To miti-
gate this, we construct a calibration dataset across
diverse domains including natural language, source
code and mathematical reasoning , ensuring broad
coverage of linguistic and logical patterns. The
combined calibration distribution is modeled as
follows:

Pcalib(X) = Zszl akpk(X)>ak >0, Z?:l ap =1 (7)

where oy, reflects each domain’s relative impor-
tance. The overall statistics for pruning at layer ¢
are defined as follows:

K K

S ad a4

X =) Xy, V=) Vi ®
k=1 k=1

providing more representative importance esti-
mates. Calibrating with this domain-diverse dataset
enables the pruning algorithm to capture heteroge-
neous activation behaviors across linguistic and



reasoning tasks, yielding more robust and general-
izable pruning decisions for large language models.

3.3 Iterative Calibration Strategy

During pruning, removing certain channels ¢ in
layer ¢; inevitably alters the activation statistics of
downstream channels ¢; in layers ¢; with j > i.
Specifically, the baseline activation and variance
are defined as follows:

b = Ex(7), WP =vVar[x{7] 9

Single step calibration methods, such as FLAP, esti-
mate these statistics only once before pruning. For
instance, a channel ¢y, in ¢; may be pruned for low

variance v,(C ), while a channel ¢; in ¢; is retained for

high variance me However, pruning c; and com-
pensating it with a fixed bias replaces its activations
with constants, shifting downstream distributions.
Consequently, the variance of ¢; may drop sharply
as follows:

v§j) — vt(j), < vt(j) 10)
potentially making c; redundant. This reveals a lim-
itation of single-pass calibration: pruning decisions
ignore cascading effects from earlier layers. If the
pruning mask at step s is M (), then the variance
can be expressed as follows:

v = Var [ x| MW MED] )
showing that channel variances depend on all prior
pruning steps, while single-step methods assume
s=1.

To address this, we introduce an iterative cali-
bration strategy that updates channel importance
after each pruning step. At iteration s, recalibrated
statistics are computed as follows:

b = E[X) | MO, MED] (12)

v = Var[ x| MO, MY (3)

and pruning decisions are based on these refined es-
timates, allowing dynamically updated importance
evaluation. The process continues until a target
pruning ratio or convergence criterion is reached.
By modeling cascading dependencies, this strategy
yields more accurate importance estimation, bet-
ter global optimization of pruning masks, and im-
proved post-pruning accuracy. Its iterative nature
also enables gradual adaptation, reducing recon-
struction errors compared with one-shot pruning.

Overall, the iterative calibration can be formu-
lated as minimizing reconstruction error over prun-
ing masks M as follows:

IV =Y (M;X)|? (14)

mj\/i[n ]EXNPcanb
where Y and Y denote the outputs of the original
and pruned models, respectively, and M is itera-
tively updated using refined activation statistics.

4 Experiments

4.1 Experimental Setup

Models and Datasets. To assess the effective-
ness of our proposed method, we perform experi-
ments on the Qwen2.5 model family, encompass-
ing Qwen2.5-7B, Qwen2.5-14B, and Qwen2.5-32B
variants (Yang et al., 2024). We evaluate zero-shot
performance on six widely-used commonsense rea-
soning benchmarks: ARC-Challenge (Clark et al.,
2018), ARC-Easy (Clark et al., 2018), HellaSwag
(Zellers et al., 2019), OpenBookQA (OBQA) (Mi-
haylov et al., 2018), PIQA (Bisk et al., 2020), and
Winogrande (Sakaguchi et al., 2021).

Baselines. We benchmark our approach against
two representative structured pruning methods:
Wanda-sp (Sun et al., 2023) and FLAP (An et al.,
2024). It is worth noting that Wanda-sp is an ex-
tension of the original Wanda method tailored for
structured pruning.

Implementation Details. Our code is imple-
mented using the PyTorch (Paszke et al., 2019)
framework and Transformers (Wolf, 2020) libraries,
with all experiments conducted on four NVIDIA
A100 GPUs. For a fair and comprehensive compar-
ison, all methods are evaluated under two pruning
ratios: 25% and 50%. All evaluations are con-
ducted using the LM-Harness (Gao et al., 2024).

4.2 Main Results

As shown in Tables 1 and 2, our method con-
sistently surpasses existing structured pruning ap-
proaches across model scales and compression ra-
tios. The performance gap over FLAP widens
with larger models and higher pruning rates, high-
lighting the scalability and robustness of our ap-
proach. Specifically, on Qwen2.5-14B, the gain
reaches 6% at 50% pruning; and on Qwen2.5-32B,
it achieves 1.85% and 10.06% improvements at
25% and 50%, respectively. These results demon-
strate that our iterative calibration effectively pre-



Method

| Pruning Ratio | ARC-c | ARC-e | HellaSwag | OBQA | PIQA | Winogrande | Average

Qwen2.5-14B | 0% | 558 | 8249 | 6338 | 344 |8112| 753 | 6542
Wanda-sp(w_mix) 37.12 63.59 46.89 25.0 75.14 58.25 51.0
FLAP(w_mix) 25% 39.51 | 68.39 47.42 238 | 74.86 64.72 53.12
Ours(w_mix) 39.76 | 68.77 46.85 246 | 7497 68.67 53.94
Wanda-sp(w_mix) 215 | 2723 25.73 146 | 54.08 49.41 32.09
FLAP(w_mix) 50% 2099 | 2622 26.26 114 | 56.09 49.49 31.74
Ours(w_mix) 2142 | 3952 30.49 164 | 62.62 53.67 37.35

Table 1: Zero-shot performance of the compressed Qwen2.5-14B. Bold results highlight the best performance.

Method ‘ Pruning Ratio ‘ ARC-c ‘ ARC-e ‘ HellaSwag ‘ 0OBQA ‘ PIQA ‘ Winogrande ‘ Average
Qwen2.5-32B | 0% | 5341 | 80.51 | 6491 | 342 [ 8188 | 753 | 6504
Wanda-sp(w_mix) 4224 | 70.24 524 274 | 76.66 61.64 55.1
FLAP(w_mix) 25% 4224 | 7285 55.02 28.6 | 78.02 72.53 58.21
Ours(w_mix) 46.67 75.8 57.0 29.6 | 78.45 72.85 60.06
Wanda-sp(w_mix) 24.23 32.37 27.08 15.6 57.07 50.99 34.56
FLAP(w_mix) 50% 227 36.36 29.43 15.6 64.36 51.07 36.59
Ours(w_mix) 30.72 | 57.28 39.44 20.2 | 70.84 61.4 46.65

Table 2: Zero-shot performance of the compressed Qwen2.5-32B. Bold results highlight the best performance.

serves task-relevant information and reasoning abil-
ity under aggressive compression.

4.3 Robustness to Calibration Samples

We assess the robustness of our method to the
number of calibration samples on Qwen2.5-7B un-
der 25% and 50% pruning using WikiText2. As
shown in Figure 2a and Figure 2b, both FLAP
and our method benefit from more calibration sam-
ples, as reflected in lower perplexity (PPL). Our
method consistently outperforms FLAP, with the
gap widening at higher pruning ratios. Notably,
it achieves PPL ~ 52 with only 32 samples and
stabilizes near 50 with 128 or more, while FLAP
remains above 170 at 50% pruning. These results
show that our method better preserves model qual-
ity under high sparsity and is more robust to limited
calibration data.

Qwen2.5-78 WikiText2(p=25%) Qwen2.5-78 WikiText2(p=50%)

I o wandasp 300
f

0 200 400 600 800 1000 1200
Calibration Samples

0 200 400 600 800 1000 1200
Calibration Samples

(a) Pruning ratio = 25% nsam- (b) Pruning ratio = 50% nsam-
ples ablation study ples ablation study

Figure 2: Ablation study of nsamples on Qwen2.5-7B
under different pruning ratios.

4.4 Different Pruning Ratios

We evaluate the robustness of our method across
pruning ratios on Qwen2.5-7B and Qwen2.5-14B,
comparing with Wanda-sp and FLAP. As shown in
Figure 3a and Figure 3b, our method consistently
outperforms both baselines, with the advantage in-
creasing as pruning becomes more aggressive. On
Qwen2.5-7B, at 50% pruning, Wanda-sp collapses
(PPL > 6800) and FLAP degrades severely (PPL
> 106), while our method maintains a low PPL of
24.2. A similar pattern appears on Qwen2.5-14B,
where Wanda-sp and FLAP reach PPLs of 1430 and
1362, respectively, whereas our method achieves
only 23.7. These results confirm that our iterative
compensation strategy enables stable, high-quality
performance even under extreme sparsity.

Qwen2.5-78

Qwen2.5-148

0
00 01 02 03 04 05
Pruning Ratio

00 01 02 03 04 05
Pruning Ratio

(a) Qwen2.5-7B ratios abla-(b) Qwen2.5-14B ratios ab-
tion study lation study

Figure 3: Ablation studies on pruning ratios for
Qwen2.5 models.



Method ‘ Pruning Ratio ‘ ARC-c ‘ ARC-e ‘ HellaSwag ‘ OBQA ‘ PIQA ‘ Winogrande ‘ Average
Qwen2.5-14B | 0% | 558 | 8249 | 6338 | 344 |8L12| 753 | 6542
Ours 559, 41.64 | 705 44.73 280 | 71.16 67.72 53.96
Ours(w_mix) § 39.76 | 68.77 46.85 246 | 74.97 68.67 53.94
Ours 0% 2048 | 39.18 29.14 16.8 | 58.92 5091 35.9
Ours(w_mix) ’ 2142 | 39.52 30.49 164 | 62.62 53.67 37.35

Table 3: Performance Comparsion of the compressed Qwen2.5-14B with and without multi-domain hybrid calibra-

tion set. Bold results highlight the best performance.
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Figure 4: Ablation studies on iterative pruning steps across different pruning ratios and models.

4.5 Ablation Study

To comprehensively analyze the individual contri-
bution of each component in our proposed frame-
work, we conducted a series of ablation studies.
These experiments specifically investigate the ef-
fectiveness of incorporating a multi-domain hybrid
calibration set, as well as systematically assess the
impact of the iterative pruning strategy.

Multi-domain Hybrid Calibration Set.  Acti-
vation statistics (e.g., channel-wise mean and vari-
ance) vary across data domains, affecting pruning
accuracy. To address this, we introduce a multi-
domain hybrid calibration set to capture broader
activation variations. We evaluate this design on
Qwen2.5-14B under 25% and 50% pruning, com-
paring single-domain calibration with our hybrid
approach. As shown in Tables 3, the hybrid set-
ting consistently outperforms the single-domain
variant, achieving higher zero-shot accuracy on av-
erage. These results confirm that multi-domain
calibration provides more robust channel impor-
tance estimation and improves structured pruning
performance.

Iterative Pruning. We study the effect of itera-
tive pruning steps on model quality using Qwen2.5-
7B, Qwen2.5-14B, and Qwen2.5-32B with Wiki-
Text2 calibration under 25% and 50% pruning. As
shown in Figure 4, model perplexity remains sta-

ble across step counts at 25% pruning, indicating
low sensitivity in this regime. In contrast, at 50%
pruning, iterative pruning significantly improves
performance: perplexity decreases with more steps,
especially within the first three to four iterations.
For instance, on Qwen2.5-14B, single-shot pruning
causes severe degradation , while six iterative steps
reduce it to about 44. These results clearly show
that gradual, multi-step pruning is crucial for main-
taining quality under high sparsity, and that four
to six iterations are typically sufficient to achieve
most of the gains, consistently across all evaluated
datasets.

5 Conclusion

In this work, we introduce a novel structured prun-
ing framework that synergistically integrates a
multi-domain hybrid calibration set with an iter-
ative, progressive pruning strategy. This design
facilitates more precise identification of redundant
channels while maintaining model performance
across a wide spectrum of tasks. Comprehensive
evaluations on multiple state-of-the-art large lan-
guage models demonstrate that our approach con-
sistently surpasses existing baselines, achieving
substantial compression with minimal degradation
in accuracy. These findings underscore the critical
role of diverse calibration data and gradual pruning
schedules in enabling efficient model compression.



Limitations

In this work, we conduct extensive experiments to
evaluate the effectiveness of our pruning method.
The results demonstrate that our approach achieves
competitive performance compared to the base-
lines. However, due to computational constraints,
we have not yet been able to evaluate it on larger
scale models, such as those with 70 billion param-
eters. Exploring the scalability of our method to
such large models constitutes an important direc-
tion for future work.
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A Comparison Experiments on
Qwen2.5-7B

We also conducted experiments on Qwen2.5-7B
across multiple datasets. As shown in Table 5, our
method consistently achieves strong performance,
demonstrating the effectiveness and general appli-
cability of our pruning approach.

B Ablation of Multi-Domain Calibration
on Qwen2.5-32B

We evaluate multi domain calibration on Qwen2.5-
32B under 25% and 50% pruning, comparing
single-domain calibration with our hybrid ap-
proach. As shown in Tables 4, the hybrid setting
consistently outperforms the single-domain variant,
achieving higher zero-shot accuracy on average.
These results confirm that multi-domain calibration
provides more robust channel importance estima-
tion and improves structured pruning performance.



Method | Pruning Ratio | ARC-c | ARC-e | HellaSwag | OBQA | PIQA | Winogrande | Average

Qwen2.5-32B | 0% | 5341 | 8051 | 6491 | 342 | 818 | 753 | 6504
Ours 550 46.08 | 74.87 53.35 30.6 | 7535 73.32 58.93
Ours(w_mix) 0 46.67 | 75.8 57.0 29.6 | 78.45 72.85 60.06
Ours 0% 29.01 | 5728 36.89 23.6 | 65.18 58.88 45.14
Ours(w_mix) § 30.72 | 57.28 39.44 202 | 70.84 614 46.65

Table 4: Performance Comparsion of the compressed Qwen2.5-32B with and without multi-domain hybrid calibra-
tion set. Bold results highlight the best performance.

Method | Pruning Ratio | ARC-c | ARC-e | HellaSwag | OBQA | PIQA | Winogrande | Average
Qwen2.5-7 B \ 0% | 4761 | 8047 | 5995 | 338 | 7856 | 7285 | 6221
Wanda-sp(w_mix) 33.62 | 63.22 43.45 238 | 73.23 54.06 48.56
FLAP(w_mix) 25% 3208 | 6233 4175 214 | 7231 59.59 48.24
Ours(w_mix) 34.04 | 6545 43.12 246 | 72.85 60.54 50.1
Wanda-sp(w_mix) 21.67 25.59 25.64 14.6 51.85 51.78 31.85
FLAP(w_mix) 50% 19.37 | 29.97 27.17 122 | 56.09 49.01 323
Our method(w_mix) 18.86 | 354 29.35 124 | 60.77 502 34.49

Table 5: Zero-shot performance of the compressed Qwen2.5-7B. Bold results highlight the best performance.
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Abstract

Social engineering scams increasingly employ
personalized, multi-turn deception, exposing
the limits of traditional detection methods.
While Large Language Models (LLMs) show
promise in identifying deception, their cogni-
tive assistance potential remains underexplored.
We propose SCRIPTMIND, an integrated
framework for LLM-based scam detection
that bridges automated reasoning and human
cognition. It comprises three components:
the Crime Script Inference Task (CSIT) for
scam reasoning, the Crime Script—Aware
Inference Dataset (CSID) for fine-tuning small
LLMs, and the Cognitive Simulation-based
Evaluation of Social Engineering Defense
(CSED) for assessing real-time cognitive
impact. Using 571 Korean phone scam cases,
we built 22,712 structured scammer-sequence
training instances. Experimental results show
that the 11B small LLM fine-tuned with
SCRIPTMIND outperformed GPT-40 by
13%, achieving superior performance over
commercial models in detection accuracy,
false-positive reduction, scammer utterance
prediction, and rationale quality. Moreover,
in phone scam simulation experiments, it
significantly enhanced and sustained users’
suspicion levels, improving their cognitive
awareness of scams. SCRIPTMIND represents
a step toward human-centered, cognitively
adaptive LLMs for scam defense.

Data & Code: anonymous/ScriptMind

1 Introduction

Preventing social engineering scams is essential for
financial security, psychological protection, and so-
cietal trust. Online scams have grown sophisticated,
demanding more adaptive defenses. In this context,
Large Language Models (LLMs) have emerged as
interpretable, cognitively assistive tools capable of
detecting deception and enhancing user awareness
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Figure 1: Scam alerts provide accurate detection and
explanations but can be neutralized by new tactics.
SCRIPTMIND overcomes these limits through a crime
script inference and simulation-based evaluation, en-
abling cognitively effective scam defense.

(Lim et al., 2025), proving effective in brand imper-
sonation, fake webpage detection, and phone scam
monitoring as real-time defense systems against
evolving social engineering scams (Koide et al.,
2024; Lee et al., 2024; Shen et al., 2025).
However, social engineering scams have become
increasingly sophisticated, using psychological tac-
tics that neutralize suspicion. Scammers exploit
user’s anxiety and shifting doubt through multi-
ple strategies, leading to psychological submis-
sion (Han et al., 2024; Wang et al., 2021). Thus,
detection must move beyond scam identification to
consider how and when warnings are cognitively
delivered. As shown in Figure 1, alerts themselves
can be manipulated. For example, scammers may
counter a “fake prosecutor” warning by invoking
legal pressure by presenting fabricated court doc-
uments. False positives in benign interactions can
also erode system trust. Therefore, effective de-
fense requires modeling the temporal dynamics of
suspicion and designing adaptive cognitive assis-
tants that respond to users’ evolving mental states.
Most existing LL.M-based social engineering
scam detection studies focus primarily on identify-
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ing deceptive content, without adequately reflect-
ing how users’ cognitive and behavioral responses
evolve in scam situations. In addition, little atten-
tion has been paid to how warning alerts influence
users’ suspicion levels or what types of feedback ef-
fectively enhance scam awareness (Kumarage et al.,
2025). These limitations have become increasingly
critical as social engineering scams grow more per-
sonalized, weakening the distinction between LLM-
based methods and traditional approaches such as
blacklists, phishing campaigns, or conventional au-
tomated detection. Therefore, it is essential to vali-
date the cognitive capability of LLMs and develop
a framework that dynamically strengthens user sus-
picion and systematically evaluates its effectiveness
in real-world scam scenarios.

We introduce SCRIPTMIND, a framework de-
signed to integrate LLM-based inference for ef-
fective social engineering scam detection with
user-centered evaluation of acceptability. SCRIPT-
MIND supports users cognitively during real-time
interactions with scammers by introducing a novel
detection task that predicts the scammer’s crime
script. Through this process, it observes meaning-
ful changes in the user’s level of suspicion at each
conversational stage and evaluates its effectiveness.

Core three components of SCRIPTMIND are:
the Crime Script Inference Task (CSIT), which
models reasoning over scam scripts; the Crime
Script—Aware Inference Dataset (CSID), designed
to support efficient and secure fine-tuning of LLMs;
and the Cognitive Simulation-based Evaluation of
Social Engineering Defense (CSED) for evaluating
LLM-driven scam detection from a user acceptance
perspective. To the best of our knowledge, this is
the first approach that unifies scam detection with
cognitive effectiveness evaluation.

The CSIT and CSID was designed to model how
an LLM assists users through the cognitive shift
from suspicion to conviction during scam interac-
tions. Using crime script analysis, we extracted
scammer behavior patterns and formulated a task
enabling the model to infer and explain scam intent
at each dialogue stage. From publicly available
phone scam cases in Korea, we built 22,712 crime
script prediction instances for LLM training, in-
cluding a benign dataset that contains scenarios
of legitimate police summons. We then verified
the statistical significance of extracted patterns and
evaluated the fine-tuning performance gains.

To evaluate user cognitive effects through CSED,
we conducted a phone scam simulation experiment
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in which participants were instructed, “The caller
may be a real prosecutor or a scammer; listen care-
fully and decide.” Participants were sequentially
presented with 40 structured utterances represent-
ing key criminal intents of a scammer, delivered
in both audio and text. The experiment consisted
of three conditions: no Al intervention, a single
Al warning, and LLM-based stepwise explanatory
assistance. Participants’ suspicion levels at each
major stage of the dialogue were measured using a
Likert scale to assess how different forms of inter-
vention influenced suspicion escalation.
Experimental results show that SCRIPTMIND’s
finetuned sLLM achieved notable gains in scam
detection, utterance prediction, and intent expla-
nation over the baseline, outperforming commer-
cial zero-shot models by about 13%. Moreover,
leveraging next-utterance prediction to guide users’
cognitive shift from suspicion to conviction, the
SCRIPTMIND significantly raised participants’
suspicion levels compared to single-warning and
no-intervention conditions. These results demon-
strate SCRIPTMIND’s effectiveness in enhancing
user engagement and advancing LL.M-based de-
fenses toward practical crime prevention. Building
on this, we present a UI/UX-oriented design for
detection system(Appendix A). Contributions are:

1. SCRIPTMIND: We propose the first frame-
work that unifies LLMs’ cognitive assistance
in elevating user suspicion during real social
engineering scams, together with a simulation-
based evaluation method for user acceptance.

2. We constructed a Crime Script Inference
Task and 22,712 training instances for LLM.

3. We empirically analyze the effectiveness
of fine-tuned smaller LLMs operating in
resource-constrained environments.

Through a phone scam simulation, SCRIPT-
MIND demonstrated a significant increase in
users’ suspicion compared to control groups.

2 Related Work

2.1 Evolution of Social Engineering Scams

Online scam exploits human psychological vulner-
abilities through social engineering to steal sen-
sitive information (Wang et al., 2021). With ad-
vances in LLMs and generative Al, such scams



A phone scammer posing as a prosecutor calls the user, falsely implicating them in a crime to steal money.
Can an sLLM cognitively assist the user in suspecting the scam and help them end the call?

Situation: A portion of the multi-turn conversation between the scammer and the user is provided.
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Figure 2: The uniqueness of SCRIPTMIND lies in modeling and evaluating tasks that elicit and reinforce users’
suspicion throughout scam interactions. Unlike prior studies that evaluate models primarily based on accuracy(Koide
et al., 2024; Lee et al., 2024; Shen et al., 2025), we design a framework that trains LLMs to predict scammers’ next
scripted actions and assess whether such predictions meaningfully enhance user suspicion in realistic scam contexts.

Category Original Dataset Initial Dataset Scammer’s Behavior Sequences Crime Script-Aware Instruction Dataset
(ours) (ours)

Purpose Scam Conversations Collection Identifying Scammer’s Intention ~ Statistical Validation of Scammer’s ~ Scam Prediction, Utterance Prediction, Ratio-
in Partial Conversation Utterance Pattern nale Explanation using LLMs

Instance Type D, ={C} Di = {(Us, Yintent)} Dsps = {(U*™, Yintent) } Desio = {(Us, Ya, UK, Yintent) }

Scam Cases 571 571 571 571

Benign Conversations - - - 11,356

All Data Instances 571 23,771 571 22,712

Table 1: Summary of Scam Scenario Data Used for the Crime Script—Aware Inference Dataset (CSID) Construction.

have evolved into large-scale, organized, and multi-
channel attacks INTERPOL, 2024; AntiPhishing-
WorkingGroup, 2025; FBI, 2023; Proofpoint, 2024;
Abraham, 2024). Scammers now use SMS, calls,
social media, and deepfakes in multi-turn conversa-
tions, impersonating acquaintances, recruiters, or
officials to build trust and extract data (Tsinganos
et al., 2018; Zheng et al., 2019; Reuters, 2023; Ku-
marage et al., 2025; Ai et al., 2024; Financial Su-
pervisory Service, 2024). Global damages include
a $600K deepfake scam in China, $1.3B in U.S.
elder fraud, and W190B in South Korean voice
phishing cases (Reuters, 2023; Financial Supervi-
sory Service, 2024; FBI, 2023).

2.2 LLM-based Scam Detection

Language model-based scam detection serves as
the core engine of modern anti-phishing systems
(Cao et al., 2025; Koide et al., 2024, 2023; Lee
and Han, 2024; Yu et al., 2024). Traditional clas-
sifiers lack explainability, whereas recent dialog-
based frameworks enhance interpretability through
scenario-driven detection grounded in social engi-
neering contexts (Lee and Han, 2024; Koide et al.,
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2024; Lim et al., 2025). Such detection has also
expanded into multimodal domains, including fake
website analysis, brand impersonation detection,
and real-time conversational alerts, demonstrating
strong potential for Al-driven warnings. (Lee et al.,
2024; Kulkarni et al., 2025; Shen et al., 2025).

Still, prior studies overlook user cognition and
behavioral responses. This approach fails to ad-
dress overconfidence and alert fatigue often seen in
traditional defenses (Redmiles et al., 2016; Wang
et al., 2016; Vishwanath et al., 2018; Merete Hagen
et al., 2008; Wang and Song, 2021).

3 Method

Our core idea for preventing social engineering
scams is to use LLMs to strengthen users’ scam
awareness and guide their decision to end the con-
versation. While detection accuracy is important,
it is ultimately the user who decides to terminate
the interaction, and scammers exploit psychologi-
cal manipulation to stop them from doing so. We
propose that enabling users to anticipate scammers’
next actions, much like scammers anticipate users’



vulnerabilities, can turn suspicion into conviction.
To realize this, as illustrated in Figure 2, the CSIT
models scammers’ behavioral sequences to train
LLMs to predict their next moves. The fine-tuned
models, based on the CSID, are then evaluated
through scam simulations (CSED). This section
details the construction of these three components.

3.1 Task Formulation

Problem 1 (Enhancing Users’ Scam Awareness)
The purpose of the social engineering scam preven-
tion system is to build a cognitive assistance—based
detection service that helps users recognize
and confirm fraudulent intent during real-time
conversations without third-party intervention.
Given a conversation context C within an unknown
stage of a scam scenario S, the model generates
supportive inference that foster user suspicion and
confidence to safely terminate the conversation.

Task 1 (Crime Script Inference Task, CSIT)
Given an input prompt X containing a conver-
sation C under a potential scam scenario S,
the model F jointly performs scam detection,
next-utterance prediction, and intent inference
to simulate cognitive reasoning in real-time
scam interactions. The task is defined such that
F(X) = {ya,Ui+1,yi}, where X = {S,C}, ya € [0,1],
Ui+1 € U, and yi € Vintent-

3.2 Dataset Construction

3.2.1 Decomposition of Scam Conversations

Scam Conversations The original data were col-
lected from the publicly available Law&Order
Benchmark (PSI, 2025). The dataset was con-
structed based on voice phishing call records re-
leased by the Korean National Police Agency, com-
prising conversations in which scammers imper-
sonate prosecutors to fabricate criminal cases and
exert financial pressure on victims. Such imperson-
ation and coercive tactics, using false legal threats,
are typical scam strategies observed across multi-
ple countries (FBI, 2023; INTERPOL, 2024). We
utilized a total of 571 cases and 48,229 utterances
included in the the dataset(see Appendix B).

Scammer’s Behavior Sequences To implement
the CSIT using the given scam conversations, we
first separated the scammer’s utterances from each
dialogue and labeled those that explicitly conveyed
fraudulent intent. Through this process, utterances
that repeatedly appeared across confirmed scam
cases were organized into structured data referred
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to as Scammer’s Behavior Sequences(SBS). This
sequence-based analysis is theoretically grounded
in Crime Script Analysis, which models social
engineering as sequential behavioral scripts (Cor-
nish, 1994; Hutchings and Holt, 2015; Loggen and
Leukfeldt, 2022; Choi et al., 2017; Lwin Tun and
Birks, 2023), and the MITRE ATT&CK frame-
work, which systematically categorizes phishing
techniques (Strom et al., 2018; Shin et al., 2022;
Abo El Rob et al., 2024). As shown in Table 1,
the initial dataset contained 23,771 scammer ut-
terances, each potentially associated with multiple
intents. We segmented the dialogues and mapped
verified intents to individual utterances, normaliz-
ing the data into a single-utterance—single-intent
format (Appendix B.3, E.5).

3.2.2 Crime Script-Aware Inference Dataset

Statistical Validation of Sequences To verify
that the classified utterance sequences reflected con-
sistent criminal patterns, we performed statistical
validation to distinguish scripted behaviors from
improvised statements. Weak sequence associa-
tions, even with expert-labeled intents, can under-
mine the reliability of key behavioral patterns. To
address this, we applied the Standardized Resid-
ual (SR) method from Behavior Sequence Anal-
ysis (Everitt and Skrondal, 2010). The SR score
quantifies the normalized difference between the
observed and expected frequencies of intent transi-
tions across utterances. A higher SR indicates more
consistent and scripted scammer behavior, align-
ing with criminological perspectives that interpret
repetitive behaviors as indicators of intentional or
patterned actions (Cornish, 1994). Details of the
SR analysis are provided in Appendix C.

Crime Script-Aware Inference Dataset Us-
ing the Scammer’s Behavior Sequences, we
constructed the Crime Script-aware Inference
Dataset (CSID), designed to enable the LLM
to perform tasks based on partial conversa-
tional(Appendix B.4). In addition, an equal number
of benign instances were added under the scenario
of “a legitimate police officer issuing a summons”’
(Table 7). For scam instances, original dialogues
were segmented into input—output pairs, where only
preceding utterances were provided as input. Con-
sequently, it supports (1) scam detection, (2) utter-
ance prediction, and (3) intent explanation.



3.3 Training Smaller Large Language Model

We trained an open-source compact LLM (cLLM)
to support closed-network deployment and
lightweight, privacy-preserving operation in re-
stricted environments. We hypothesized that ad-
ditional training on expert-labeled scammer inter-
action sequences is necessary to compensate for the
model’s limited domain-specific prior knowledge
and to better align its reasoning with real-world
scam scenarios.

We evaluated models at three capacity ranges: 1—
2B, 7-11B, and large commercial models, includ-
ing those specialized for Korean. The open-source
cLLMs were fine-tuned for 5 epochs using the
Paged AdamW optimizer (learning rate = le—4).
Parameter-efficient adaptation was performed us-
ing QLoRA (Dettmers et al., 2023), with low-rank
adapters applied to the attention and feed-forward
layers. Training was conducted on two NVIDIA
A100 80GB GPUs, requiring approximately 30
hours (Appendix D).

3.4 Cognitive Simulation-based Evaluation

Aim and Hypotheses We aim to examine
whether SCRIPTMIND can serve as a cognitive
assistant that supports users’ real-time judgment
during scam. We hypothesize that real-time LLM
warnings and explanations enhance users’ suspi-
cion levels. To test this, a five-stage conversational
script based on phone scam cases was designed,
and participants reported their suspicion levels in
real time while listening to both audio and text.

Experimental Stimuli and Procedure We used
prosecutor impersonation scam scenario from the
CSID as the experimental stimulus, and the struc-
tured scam script is provided in Appendix E.5. 98
participants were recruited and evenly assigned
across conditions. We used repeated-measures
ANOVA and t-tests to assess the impact of Al
intervention. All procedures were IRB approved
and details regarding the purpose and scope of the
experiment (Appendix E.1), the design of experi-
mental stimuli and procedures (Appendix E.2), the
questionnaire items (Appendix E.3), the statisti-
cal analysis methods used for interpretation (Ap-
pendix E.4), and the ethical review and approval for
human research (Appendix F.2) are all provided.
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EXPERIMENTAL CONDITIONS

Participants were told each call might be
legitimate or fraudulent, prompting cogni-
tive judgment. Conditions: (1) a control
group with no alerts, (2) a single-warning
group with one alert during the financial in-
formation stage, (3) a SCRIPTMIND’s LLM
group providing real-time predicted utter-
ances at each scam stage.

4 Experiment Results

Metrics Scam detection was evaluated using Ac-
curacy, F1, FP, FN, while utterance prediction and
intent inference were assessed via the LLM-as-a-
Judge (Chiang and Lee, 2023; Lee et al., 2026).
Strong correlation with expert evaluations con-
firmed the reliability of the automatic assessment.
To validate the reliability of the LLM-as-a-Judge
evaluation, we measured its agreement with hu-
man judgment on a randomly sampled subset of
the test data. Specifically, two domain experts in-
dependently rated 200 instances each for the ze-
roshot and finetuned settings, following the same
evaluation criteria as the LLM. Pearson correla-
tion analysis (p < 0.05) showed strong alignment
between human ratings and automatic scores, sup-
porting the validity of the proposed evaluation pro-
tocol(Appendix G).

Fine-tuned Model Performance SCRIPTMIND
consistently outperformed commercial models,
demonstrating its effectiveness in enhancing scam
awareness. As shown in Table 2, EEVE-Korean-
10.8B achieved the best overall performance(Scam
Detection 0.98, Next Utterance 0.68, Intent Infer-
ence 0.80), exceeding GPT-40 by 13%. On average,
fine-tuned small models showed a 51% improve-
ment over zero-shot (Table 16). It also reduced
false positives and improved explanatory quality:
commercial models averaged FP 0.24, while fine-
tuning achieved 0.02.

Cognitive Effect of SCRIPTMIND As shown in
Figure 3 and Table 3, participants’ suspicion levels
across the five-stage scam scenario demonstrated
that SCRIPTMIND next-utterance prediction warn-
ings achieved the strongest cognitive resilience.
Since real scam calls could not be ethically repli-
cated, participants were informed in advance of
potential scam, resulting in high initial suspicion.
To control for this, statistical analyses were con-
ducted to isolate the true effects of LLM inter-
vention(Appendix H). First, we found that suspi-



Model Method Scam Detection Next Utterance | Intent Inference
ACC F1 FP/FN | LLM-as-a-Judge | LLM-as-a-Judge
Llama-3.2-1B-Instruct ZS 0.55 0.56 0.24/0.21 0.04 0.17
SCRIPTMIND-FT | 091 0.92 0.06/0.02 0.39 0.57
EXAONE-3.5-2.4B-Instruct 7S 0.58 0.65 0.31/0.11 0.30 0.51
SCRIPTMIND-FT | 0.94 0.94 0.06/0.01 0.53 0.73
Midm-2.0-Mini-Instruct 7S 048 0.44 0.23/0.29 0.11 0.29
SCRIPTMIND-FT | 0.74 0.67 0.03/0.23 0.33 0.53
Llama-3.1-8B-Instruct ZS 0.50 0.67 0.50/0.00 0.19 0.54
SCRIPTMIND-FT | 0.80 0.76 0.01/0.19 0.41 0.54
SOLAR-10@.7B-Instruct 7S 0.64 0.72 0.33/0.03 0.16 0.44
SCRIPTMIND-FT | 0.85 0.82 0.00/0.15 0.44 0.50
EEVE-Korean-Instruct-10.88 | ZS 0.71 0.74 0.21/0.09 0.42 0.52
SCRIPTMIND-FT | 0.98 0.98 0.01/0.01 0.68 0.80
EXAONE-3.0-7.8B-Instruct ZS 0.64 0.72 0.32/0.04 0.26 0.63
Midm-2.0-Base-Instruct ZS 0.55 0.6 0.28/0.17 0.22 0.57
SCRIPTMIND-FT | 0.73 0.64 0.00/0.26 0.33 0.5
chatgpt-4o0-latest A 0.90 091 0.1/0.00 0.45 0.78
gemini-2.0-flash 7S 0.70 0.77 0.29/0.00 0.39 0.77
claude-3-5-haiku ZS 0.67 0.75 0.33/0.00 0.31 0.73

Table 2: Evaluation results of LLMs on our tasks. ZS indicates zero-shot and SCRIPTMIND-FT refers to finetuning.

Stage SCRIPTMIND Single_Warning Control F P

1.Introduction of a fake case 5.63+1.69 5.40+1.92 5.07+2.07 0.67 512
2.Explanation of alleged criminal involvement  5.60+1.65 4.77+2.08 4.80+1.90 1.88 .159
3.Setup of a recorded investigation 4.63+1.99 3.87+£2.21 4.13£1.96 1.07 .346
4.Request for financial information 6.27+1.60 6.00£1.49 5.23+£1.72 3.36 039
5.Notice of summons for investigation 5.73+2.05 5.63+1.69 4.43+2.25 3.88 024

Table 3: Suspicion scores by stage and group. We conducted stage-wise ANOVA. The SCRIPTMIND showed
significantly higher suspicion at 4~5 (p = .039, .024), indicating statistical significance at the p < .05 level. This
supports our research hypothesis that the LLM warning increases the level of suspicion more effectively than in
other groups. Detailed analysis of experimental results is presented in Appendix H.4.

—e— LLM_Warning
Single_Warning
—e— Control
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Mean Suspicion Score
o
>
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Figure 3: Changes in Suspicion Levels by Script Stage.

cion varied significantly across stages, whereas
anxiety and relevance remained stable, confirm-
ing that suspicion can serve as a key indicator of
cognitive resilience(Table 18). It declined through
Stages 1~3 but rose sharply at Stage 4, where mon-
etary information was requested. Second, no sig-
nificant difference was found between the single-
warning and control groups (Table 21), suggesting
that one-time alerts yield only temporary aware-
ness. However, a significant stage—group interac-
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tion (Table 22), together with the stage-wise one-
way ANOVA results, showed that SCRIPTMIND
maintained higher suspicion compared to all other
groups, particularly at Stages 4~5 (Table 3). Over-
all, SCRIPTMIND’s real-time, context-aware warn-
ings promote stronger and more lasting cognitive
defense than static alerts.

5 Discussion

Qualitative Analysis Qualitative analyses re-
vealed that fine-tuned models outperformed their
zero-shot counterparts by accurately identifying de-
tailed scam patterns that zero-shot models often
misinterpreted or overlooked (Table 17). They also
achieved lower false positive and false negative
rates, with more coherent scammer utterance pre-
dictions and rationale explanations, highlighting
their strong potential for real-world deployment in
localized scam detection systems (Appendix G).

Design Direction for the Scam Detection
SCRIPTMIND significantly heightened and sus-
tained suspicion during scams. In particular, be-



havioral prediction of scammers effectively facil-
itated the transition from suspicion to conviction,
demonstrating that LLMs can function as dynamic
cognitive companions. Building on this insight,
our proposed on-device LLM system continuously
monitors scam dialogues, predicts deceptive intent
across conversational stages, and provides adaptive
notices to sustain user vigilance. A corresponding
UI/UX prototype embodies this interactive flow,
guiding the development of cognitively adaptive
Scam Detection systems in the future(Appendix A).

Ethical Considerations LLM-based scam detec-
tion and on-device deployment entail inherent pri-
vacy and misuse risks. Scam datasets and models
could be exploited by malicious attackers, so we
implemented multiple safety measures to mitigate
such threats. First, all experiments were conducted
on de-identified and anonymized data derived from
verified voice phishing cases, and no original au-
dio or personally identifiable information was used.
Second, to mitigate the risk of adversarial misuse,
model training and inference were performed ex-
clusively within a secure, closed police network,
and the model itself was not released; only tex-
tual outputs were analyzed. Third, the system was
designed as a human-in-the-loop decision-support
tool rather than an autonomous surveillance mech-
anism. Finally, the human-subject study received
institutional review board approval, and all proce-
dures complied with applicable privacy regulations
and emerging Al governance frameworks for high-
impact public-sector Al systems(Appendix F.1).

6 Conclusion

We presented SCRIPTMIND, an integrated frame-
work for crime script inference and cognitive evalu-
ation in LLM-based social engineering scam detec-
tion. Unlike prior systems, it models the cognitive
dynamics of user—Al interaction, connecting au-
tomated detection with human-centered defense.
Experiments showed that fine-tuning improved ac-
curacy, reduced false positives, and produced more
interpretable explanations than baselines. Cogni-
tive simulations revealed that SCRIPTMIND in-
terventions strengthened users’ suspicion, turning
scam detection into an awareness-driven defense.
Despite these results, limitations remain. Emo-
tional states could not be fully measured due to
ethical constraints, and the study focused only on
phone scams, excluding multimodal attacks. Future
work will optimize on-device performance and ex-
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pand beyond the Korean dataset. Overall, SCRIPT-
MIND advances cognitively adaptive LLMs for
scam prevention, showing how crime script infer-
ence can enhance model reasoning and awareness
against evolving social engineering threats.

Limitations

We validated a real-time, script-aware LLM model,
identifying suspicion as a reliable cognitive marker.
Despite uniformly high initial suspicion from ethi-
cal disclosure, a three-step validation confirmed the
marker’s validity, the null effect of single warnings,
and significant LLM effects at Stages 4-5. How-
ever, high baseline suspicion constrained affective
measures such as anxiety and trust. Future work
should incorporate multimodal sensing to capture
subtler emotional responses.

We further validated the model’s predictive rea-
soning through crime script analysis and statistical
evaluation, focusing on prosecutor-impersonation
scams. Yet the findings remain limited to phone
based cases. As social engineering evolves with
deepfakes, voice cloning, and multimodal imper-
sonation, future research should develop cross
modal script for broader threat understanding.

We focused on enhancing users’ cognitive re-
silience rather than optimizing inference speed
or latency for deployment. Nonetheless, fine-
tuning 1-2B-parameter models showed practical
efficiency and clear trade-offs compared to larger
ones, highlighting their potential for lightweight
implementation.

The data used in this study was constructed
based on Korean prosecutor impersonation phone
scam cases. For broader applicability, future re-
search should extend to cases from other countries.
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A Ul and UX Design Result

Based on our experiment results demonstrating that
SCRIPTMIND enhances users’ cognitive aware-
ness, we designed a system capable of efficiently
detecting real-time social engineering scams that
occur during phone calls in real-world device envi-
ronments. This design concretizes the conceptual
framework of SCRIPTMIND from a practical per-
spective, providing the foundational operational
structure for future research and development of
more advanced real-time scam detection systems.

Figure 4~6 illustrate the main operational flow
of SCRIPTMIND, assuming that it runs as a smart-
phone application. As shown in Figure 4, SCRIPT-
MIND obtains the user’s explicit consent to auto-
matically transcribe phone conversations (speech-
to-text) and employs a LLM to analyze and display
the likelihood of fraud for each conversational seg-
ment. When suspicious activity is detected, the
system immediately displays a warning message,
enabling the user to compare the model’s predic-
tion with the actual dialogue and make an informed
decision. Upon first launch or activation of the
monitoring feature, a Consent modal appears to
obtain user permission, and users can disable the
function at any time via the settings menu, which
instantly stops real-time analysis.

Next, as depicted in Figure 5, the LLM continu-
ously analyzes the transcribed conversation in real
time. When a scam is detected, SCRIPTMIND dis-
plays the identified scam type along with one of
its core outputs, the predicted next utterance of the
scammer. Since model prediction may experience
slight latency compared to the actual conversation,
SCRIPTMIND divides the dialogue into second-
level segments so that users can scroll through and
view the predictions for each segment. This design
allows users, even after the call ends, to retrospec-
tively recognize that “the model’s prediction was
indeed correct,” thereby reinforcing their awareness
and caution against scam tactics.

Finally, as shown in Figure 6, SCRIPTMIND
continues to function in the background even when
the application is inactive. The system delivers
alert notifications based on the model’s prediction
results, allowing users to receive scam warnings
in real time while communicating through speak-
erphone. It ensures continuous protection and real-
time guidance without requiring active interaction.
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B Scam Dataset

B.1 Original Dataset

We define the overall scam conversation dataset
as the original dataset D,, which contains con-
versation between users and scammers:

Do:{C} c={cW,c®,. . cmy
{ uSI' Utscm|t:172,)]—zt}

Each case CY consists of sequential utter-
ances exchanged between a user and a scam-
mer, where U™ and U} denote the user’s
and scammer’s utterances at turn i, respec-
tively, and T} is the total number of turns.

Original Scam Conversation Example

This is the Seoul Central District Prosecutors’ Office.
My name is Investigator Yoo Seowon from the Advanced
Crime Investigation Division.

Yes, this is the Seoul Central District Prosecutors’ Office.
Yes, the reason I’m calling is regarding an identity theft
case involving Mr./Ms. [Name].

Before I explain the details of the case, may I ask if you
know a person named [Name]?

No, it’s a male from [Address], aged [Age].

Just a moment. Recently, we arrested a financial fraud
ring called “[Name],” and during the operation, we seized
numerous credit cards and illegal bank accounts.

Table 4: Example of scam conversation.

B.2 Initial Dataset

We define the Fraudulent Intent Interpretation
(FII) dataset as an intent classification dataset
derived from each conversation C9 in the
original set. It maps subsets of scam-related
utterances to corresponding intent labels.

Dy ={(Uf, />>|c eC}

Ué'l) g C(Z)a Y[ g yintent = {y17 s 7ym}
Here, Uéi) represents a subset of utterances

within a conversation C(i), and YI(Z) denotes
the corresponding subset of intent labels drawn
from the intent label set YVipsen;.

Do OCD C(I) D) U(Z)a yintent > Y}(z)
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"conversation”

“Right, so you’re saying that on May
23, 2016, at the [Address] branch—
No, I didn’t. (So you didn’t person-
ally open that account, correct?) Yes.
So, to confirm again, you’re saying
that you didn’t open the account your-
self, correct? Yes. Since the ac-
count was seized during the illegal
operation, we have frozen it to verify
whether it was personally opened or
fraudulently used.”

"intention”

["3. Case introduction
- (7) Verify whether the
bank account was personally
opened by the citizen”, "6.
Investigation recording - (3)
Notify that the account has
been frozen"]

Table 5: Example of an instance containing conversation
and corresponding intentions from Law&Order Dataset.

B.3 Scammer’s Behavior Sequences

We further define a subset of scammer utter-

ances from U g) that are explicitly annotated
with intent labels, forming the Scammer-Based
Subset (SBS) dataset.

sem ) (%) sem

={U; | Y, (UF) # o}
This subset includes only the scammer utter-
ances for which corresponding intent annota-
tions exist.

scm int

Dscm* <{Ulscm scm “_}7{Y1,Y2,...})

To represent these utterances and their intent
labels as paired data, each conversation C (4)
produces a local mapping between scammer ut-
terances and corresponding intent categories.

DSBS — {(Utscm’}/t) | Utscm c U(Z), Y;g c }/I(l)}
or equivalently,
Dsgs = {(U;™", Y1)}

where each pair (U™, Y;) corresponds to a
scammer utterance and its associated intent.




Case ID Speaker Utterance Scenario Classification Intent Classification

001 Scammer The account was issued at [Address], opened in June and 4. Case Involvement Informing the citizen that ob-
used until November. jective evidence confirms their

connection to the case.

001 Scammer Were you not aware of this account? 3. Case Introduction Checking whether the citizen
knows about the account in-
volved in the crime.

001 Scammer The reason I contacted you is to confirm whether you per- 4. Case Involvement Verifying whether the person
sonally opened and sold these two accounts to the “[Name]” actually sold the account or
group for payment, or whether, like other victims, your was a victim of identity theft.
identity was stolen. Our preliminary investigation did not
find any evidence suggesting you colluded with “[Name]”,
so we are contacting you under the assumption that your
name was misused.

001 Scammer What’s important now is determining whether you are a 4. Case Involvement Explaining that multiple peo-
victim or an accomplice in this case. At the scene, we found ple are involved in the crime,
two bank accounts under your name — from [Bank Name] including both perpetrators and
— that were used in this crime, and there are victims who victims of identity theft.
suffered financial loss through those accounts.

002 Scammer This is the Seoul Central District Prosecutors’ Office. 2. Self-introduction Stating the fake identity being

impersonated.

002 Scammer T am Investigator Yoo Seowon from the Advanced Crime 2. Self-introduction Stating the fake identity being
Investigation Division. impersonated.

002 Scammer Yes, this is the Seoul Central District Prosecutors’ Office. 2. Self-introduction Stating the fake identity being

impersonated.

Table 6: Examples of annotated scammer’s behavior sequences with scenario and intent classification. All utterance

categories are listed in Appendix E.5.

B.4 Crime Script-Aware Inference Dataset

The Crime Script Inference Dataset (CSID) is
constructed as a collection of conversational
instances designed to model both predictive
and interpretive aspects of scam communica-
tion. Each instance contains a partial dialogue
segment, its scam-related label, the predicted
next scam utterance, and an explanatory intent
description.

DCSID == {(Ué}) ) Ya(l) ) (Z)

T

where Uél) denotes a partial conversation

within a single case, Ya(i) € {0, 1} indicates
whether the segment represents a scam (1) or

non-scam (0), Ut(i)l is the predicted next utter-

ance of the scammer following U S), and Ylfft)
is a natural language description explaining
the underlying intent of the conversation seg-

ment.

fosip : Us — (Yo, Uit, Yint)

Here, the model fcsip learns to infer the like-
lihood of a scam, predict the scammer’s next

Conversation

Label Explanation

Do you have no knowledge about this at
all? Alright, understood for now. Have
you ever visited the [address] branch by
any chance? This is the Seoul Central
District Prosecutors’ Office. Yes. You've
never been there, correct? Yes. The ac-
count we discovered was opened around
August 2015 at the [address] branch.
(What exact date?) It shows that it was
opened around August 2015 at the [ad-
dress] branch. That’s why I asked you
about this earlier. In the past three years,
have you ever lost any items such as your
wallet or ID card that could lead to per-
sonal information leakage? According to
our comparison with the relevant finan-
cial institution, this account is definitely
registered under your name.

Next utter-
ance:  “We
are contacting
you to investi-
gate whether
you  person-
ally opened
the account
and received
payment for
transferring
it, or if you
are a victim of
identity theft.”
Rationale:
The scammer
is attempting
to confirm
whether

the victim
sold the ac-
count or was
impersonated.

scam

Hello, is this Ms. Hwang Ga-eun? Yes,
that’s me. Who is this? Hello, this is
Sergeant Lee Cheol-soo from the Gang-
nam Police Station’s Traffic Department.
Do you have a moment to talk? Yes, you
said Traffic Department? What is this
about? A complaint has been filed re-
garding your violation of the Road Traf-
fic Act and dangerous driving resulting
in injury. You are required to undergo an
investigation for a drunk driving case that
occurred on February 28, 2015. Ah, that
case... [ see. I'm very sorry. When should
1 come to the police station? Please let
me know when you are available. T'll
schedule the investigation. How about
this Friday morning? Friday morning
works. Please come to our police station
at 10 a.m. and ask for Sergeant Lee Cheol-
soo at the Civil Affairs Office. Okay, I
understand. I'll come at 10 a.m. Alright,
see you then. Please make sure to bring
your ID. Yes, I'll bring it. Thank you.
Not at all. See you on Friday. Goodbye.
Goodbye.

Rationale:
This is a
legitimate
call from a
police officer.
The  officer
provides
identification,
clear instruc-
tions, and no
suspicious
requests.

non_scam

utterance, and generate an intent-level expla-
nation from a given dialogue segment.

Table 7: An example from our completed Crime Script
Inference Dataset (CSID)
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Role

Instruction / Content

SYSTEM You are an expert in detecting Korean phone scam conversations. Your output must
strictly be a single JSON object. (No extra text outside the defined format.)
USER {conversation}

(Follow the rules below.)

- If the conversation is phone scam, set label:"scam” and fill in next_utterance
and rationale.

- If it is not scam, return only {"1label”:"non_scam"}.

Example Output (for a scam case)

{

"label”: "scam”,

"next_utterance”: "Predicted next utterance of the scammer (1-2
sentences)"”,

"rationale”: "Current criminal intent: ... . Expected next criminal
intent: ... . Evidence: Y

3

Task

Analyze the given conversation and return the result as JSON.
OUTPUT MUST BE VALID JSON. NO EXTRA TEXT.

Conversation Example

"Are you saying you have no knowledge of this at all?

Alright, I understand.

Have you, by any chance, visited the [address] branch before?

This is the Seoul Central District Prosecutor’s Office.

So, have you ever been to that branch?

Yes. The bank account we found was opened around August 2015 at the
[address] branch.

That’s why we’re asking you.

In the past three years, have you ever lost your wallet or any ID
card that might have led to personal information leakage?

After cross-checking with the financial institution, it is confirmed
that the account was indeed opened under your name."”

Ground-truth Output

"output”: {

"label”: "scam”,

"next_utterance”: "The scammer’s next likely statement would be: ’We
are contacting you to determine whether you personally opened and
transferred this account for financial gain or if your identity has
been stolen.’”,

"rationale”: "The scammer currently aims to confirm the victim’s
personal information leakage and is expected to next assess whether
the victim is an active participant or a victim of identity theft.”

}

Table 8: Example of LLM instruction for Korean social

engineering scam detection
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C Behavior Sequence Analysis of
Scammer’s Utterances

Social engineering scams can be decomposed into
step-by-step procedures through Crime Script Anal-
ysis (Hutchings and Holt, 2015; Loggen and Leuk-
feldt, 2022; Choi et al., 2017; Lwin Tun and Birks,
2023), or strategically mapped into structured ta-
bles based on adversarial tactic models such as
MITRE ATT&CK (Shin et al., 2022; Abo EI Rob
et al., 2024). We apply these analytical techniques
to the scammer’s utterance sequences to iden-
tify where each utterance is positioned within the
structured crime script of the scammer. Through
this analysis, we capture both the psychological
flow and tactical components of social engineering
scams, providing a foundational basis for dataset
labeling in training LLMs.
Core Assumptions. A key assumption in behav-
ior sequence analysis of scammer’s utterance is
that typical tactics, such as those involving imper-
sonation of prosecutors, follow a consistent pat-
tern characterized by scripted dialogue structures,
scenario progression, and intent-driven language.
This assumption is supported by previous studies in
crime script analysis, which have identified the step-
by-step nature of social engineering scams (Choi
et al., 2017; Lwin Tun and Birks, 2023).
Statistical Analysis. Based on the structure and
labels of the dataset, we statistically extracted re-
curring patterns in scammer’s utterances along with
their associated intentions. To analyze the relation-
ships between these intentions, we calculated the
transition frequencies between utterances labeled
with each intent and derived Standardized Residual
(SR) values (Everitt and Skrondal, 2010).

SR is calculated as:

_ Residual
" Standard Deviation of Prediction Error

Where:

SR

1)

¢ Residual = Observed Value — Predicted Value

¢ Standard Deviation of Prediction Error reflects the
uncertainty (variance) in the prediction for that specific
observation.

Residuals with large absolute values are typically
considered potential outliers (Everitt and Skron-
dal, 2010). In our study, we interpret such high
SRs as indicative of repeated social engineering
scam attempts following the same script, where
an scammer consistently produces utterances that
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are more frequently observed than predicted in the
dataset. This interpretation aligns with analytical
approaches used in other domains, such as mur-
der pattern analysis (Marono et al., 2020), where
recurring behavioral patterns beyond statistical ex-
pectation are treated as significant indicators of
intentional or scripted criminal activity.

VSR:68.63/Count:291

SR:54.62/Count:332

First statement about victim’s involvement in described case [
R
1 Stating victim has no criminal suspicion
T

SR:36.12/Count:69
Informing need for voice investigation

Notifying start of voice investigation

V SR:54.34/Count:111

Asking victim to state name, age, ID number,etc.

¢ +
L o

Figure 7: A transition network of utterance sequences
observed within 571 phone scam conversation data
points. The arrows represent the preceding and im-
mediately following utterance sequences, respectively.
Each node number corresponds to the classified intent
of the scammer’s utterance, as shown in the numbered
utterance mapping in Appendix E.5. The SRs and fre-
quencies of each sequence are listed in Table 9.

Analysis Results. The analysis revealed notable
similarities in utterance patterns even across dif-
ferent scenarios, suggesting that language models
trained on the structured stages of social engineer-
ing scam, rather than on the broader contextual
content, may be more effective in detecting and
explaining attacker behavior.

Labeling Validity. The dataset used in this study
consists of 571 phone scam cases, each annotated
with intent labels by two professional crime pro-
filers. The inter-rater agreement, measured using
Cohen’s Kappa coefficient, reached 0.91, indicat-
ing a very high level of consistency and validating
the reliability of the intent annotation process.
Structural Patterns of Scam Scripts. In the next
phase, we analyzed the sequential order of utter-
ances and intents across different cases to examine
the structural regularities of scam scripts. To do so,
we calculated the transition frequencies between



utterances labeled with specific intents and derived
the Standardised Residuals (SR) scores. Figure 7
presents a network visualization of the top 28 ut-
terance sequences with the highest SR values. The
results revealed that utterance sequences with an
SR score of 2 or higher appeared frequently and
consistently across scenarios, indicating a high de-
gree of structural organization in scam dialogues.
As shown in Table 9, there are 28 transition se-
quences with an SR value of 20 or higher, with the
highest SR value reaching 74.19. Additionally, a
total of 251 sequences were identified as statisti-
cally significant transitions with SR values of 2 or
above. The validity of this structure is supported by
the observation that identical strategic utterance se-
quences appeared repeatedly across different cases
with a frequency well beyond random chance. In
other words, social engineering scams tend to fol-
low a standardized script in which the same intents
and strategies are executed in a fixed order.

D Model Selection

To verify the effectiveness of our SCRIPTMIND-
based social engineering scam detection system
performing CSIT, we selected a diverse set of mod-
els as shown in Table 10. First, since real-world
scam detection must operate in restricted environ-
ments such as users’ on-device systems to ensure
privacy protection, we included lightweight sSLLMs
(1~2B parameters). Next, we selected 7~11B pa-
rameter models to evaluate the feasibility of deploy-
ing them in secure intranet servers of public-sector
organizations (e.g., police) using limited GPU re-
sources. Finally, large-scale commercial models
(e.g., GPT-4) with over 11B parameters were incor-
porated as baselines, allowing us to compare the lat-
est high-performance reasoning capabilities. Since
our CSID dataset is Korean-language based, we
primarily focused on Korean-tuned models, while
also evaluating multilingual models to examine
their cross-lingual adaptability.

No. FromID ToID Count SR Scale  Category Model Deployment
1 5'( 1 ) 5'(2) 1 35 74 19 Multilingual On-device
2 1_(3) 2.1 291 68.63 1B ;é)l;::n Llama-3.2-1B-Instruct phone
3 2'( 1 ) 2'(2) 1 1 68 01 SLLM Exaone-2B
4 1-(2) 1-(3) 273 67.61 MIDM-mini
5 2-( 1 ) 2-(2) 254 6 1 01 Multilingual Llama-3.1-8B-Instruct Closed intranet
6 5-(2) 5-(3) 106 5791 . SOLAR-. 10.7B-Instruct e
7 1 '( 1 ) 1 '(2) 243 5 7 03 7-11B  Korean EEVE—Koréan—In;lruct—

§ 56 58 91 5578 SLLM oss

9 2-(3) 3-1 332 5462 MIDM:-base

10 4-(8) 5-1 111 54.34 Commercial

11 5_(5) 5_(6) 94 52.21 S11B LLM chatgpt-4o-latest No

24O ) 127 4120 it

13 3-(1) 2-(6) 166 37.43

ig ;(8) >-(9) 36 37.26 Table 10: Evaluation models categorized by parameter
-(2) 2-(3) 189 37.15 .

16 3-(10) 4-1 69 36.12 scale and deployment environment.

17 5-(3) 5-(5) 69 34.33

18 4-(7) 4-(8) 74 32.81

19 3-(2) 2-(7) 134 31.95

20 4-(1) 3-(11) 58 29.46

21 4-(2) 4-(6) 68 25.30

22 5-(4) 5-(5) 39 24.48

23 2-(4) 3-(10) 68 24.09

24 5-(5) 5-(4) 36 22.44

25 5-(9) 5-(8) 23 22.31

26 2-(6) 2-(7) 98 21.39

27 5-(4) 5-(6) 30 20.47

28 2-(3) 2-(4) 122 20.46

Table 9: Transition matrix of labeled utterances. Each
node ID corresponds to the classified intent of the scam-
mer’s utterance, as shown in the numbered utterance
mapping in Appendix E.5.
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E Cognitive Evaluation(CSED) Settings

E.1 Research Question Formulation

The experimental design of our study is grounded
in a key research question: Can real-time LLM-
based scam detection serve as truly effective inter-
vention tools? Unlike a single-point phishing, chat
based online scam is a continuous and interactive
process in which the victim’s psychological state
evolves over time (Martin et al., 2021; Kumarage
et al., 2025). In particular, levels of suspicion are
not static but tend to fluctuate depending on the
phase of the scam (Han et al., 2024). These dy-
namic cognitive shifts raise important questions
about the adequacy of traditional black-box detec-
tion models, which typically offer one-time warn-
ings with limited contextual feedback. In response,
there is increasing interest in LLMs that can deliver
iterative and interpretable alerts throughout the in-
teraction, aligning more closely with the user’s
changing cognitive state. Against this backdrop,
our study designed and conducted a controlled cog-
nitive experiment using a prosecutor impersonation
voice phishing scenario to evaluate the effective-
ness of real-time, LLLM-based interventions.

Our phone scam scenario was selected as a rep-
resentative case of a sophisticated scam, often exe-
cuted through highly coordinated scripts by orga-
nized call center operations (Choi et al., 2017). It
was chosen for two primary reasons. First, phone
scam unfolds gradually through a sequence of con-
versations, making it particularly difficult to deter-
mine the optimal timing for detection-based inter-
vention technologies (Yu et al., 2024; Choi et al.,
2017). Second, because detection relies solely on
the spoken content of the conversation, distinguish-
ing between legitimate and fraudulent calls is in-
herently challenging, thereby increasing the risk
of false positives (Shen et al., 2025). Once tech-
nical filters are bypassed, the final decision, such
as whether to hang up the call, rests entirely with
the user. These characteristics make this scenario
especially suitable for evaluating the effectiveness
of real-time LLM-based scam detection and for
gaining insights into the central research questions.

We formulate the following research questions:

* RQ1: How do recipients’ emotional and cog-
nitive responses change over the course of a
phone scam conversation?

* RQ2: Are current Al detection technologies
effective in helping users recognize scam?
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* RQ3: Does detection and explanation of
scams using LLMs enhance user awareness
more effectively than conventional single-
warning detection models?

E.2 Experiment Design

O Conditions. To evaluate the effectiveness and
user acceptance of an Al-based scam system, a
three-group experimental study was designed using
a simulated voice phishing call scenario grounded
in a structured scam script. Prior to the main
simulation experiment, we first analyzed a corpus
of voice phishing data to develop the detection-
oriented LLM described in the following sections.
Details of the scenario analysis are provided in
Appendix E.5. The scenario followed a five-
stage crime script structure, with participants in-
structed to listen and respond to the stimuli in real
time. These five stages were derived from a crime
script analysis of actual voice phishing cases, and
are summarized in Table 11. Depending on the
assigned experimental condition, participants re-
ceived varying types and intensities of Al gener-
ated alerts. This design aimed to examine how the
presentation of Al predictions influences partici-
pants’ perceptions and behavioral responses, such
as their intention to terminate the call.

As shown in Table 12, Group 1 (control condi-
tion) received no Al-based alerts during the exper-
iment. In contrast, two experimental groups were
formed where Al model interventions were intro-
duced. Group 2 was assigned the “single warning
alert” condition, modeled after approaches devel-
oped in previous studies. Group 3 was assigned
a newly developed condition in which an Seript-
Aware LLM continuously presented the “predicted
next SE threat” as the attacker speech progressed.
® Stimulus Methods. Figure 8 provides an
overview of the entire experimental procedure and
the method of stimulus presentation. As shown in
Table 11, all participants were exposed to the same
five-stage voice phishing video stimulus. Each of
the five stages consisted of 4 to 12 segmented ut-
terances, with a total of 40 utterances presented as
stimuli across all stages. The scenario was based
on a commonly used psychological manipulation
tactic in voice phishing, in which the perpetrator
impersonates a prosecutor and falsely accuses the
target of involvement in a criminal case.

Before the stimulus began, participants were
given the following instruction:



Detection Model [ Experimental Group [

Voice Phishing Scenario Video [ Assessment

o -0 Groupl | — 0—>| No Al alerts(Control)
6 6 \ , Awareness Level
i Single Alert
Tradit| 1Al o—>
raditiona Group2 (Traditional Warning)

ScriptMind(Ours)  e——f Group3

Willingness to

Continuous LLM’s

Terminate the Call

prediction

Figure 8: Description of the Psychological Experimental Stimuli Simulating a Phone Scam Scenario

Stage

Content Description and Example Dialogue

Stage 1 (Introduction)

Stage 2 (Allegation)

Stage 3 (Recorded Investigation)

Stage 4 (Financial Information Request)

Stage 5 (Legal Consequences Notification)

The attacker introduces themselves and presents a fabricated case.
“This is Investigator Kim Young-jae from the Seoul Central District
Prosecutors’ Office.”

The recipient is falsely implicated in a crime.

“We recently arrested a financial fraud ring including someone named
[Name], and during the seizure, we found large amounts of cash, cloned
credit cards, and bankbooks—including two accounts under your name
from [Bank 1] and [Bank 2].”

The attacker explains that the call is being recorded for investigative
purposes.

“Since your accounts were found at the crime scene, if you believe you're
a victim, you'll need to formally prove it. We’re currently conducting
voice-recorded phone interviews for suspected victims.”

The attacker demands sensitive banking details.

“To freeze any unauthorized accounts and prevent further harm, please
state which banks you currently use legitimately. For depositor protection
registration, could you also confirm the current balance of your [Bank
Name] account as of today?”

The recipient is threatened with potential legal repercussions.

“We’ll send a subpoena to your home address. Please review it and visit

our office once you receive it.”

Table 11: Phone Scam Stimulus Stages with Example Dialogues

Group Condition Al Intervention
Group 1  Control No Al based alerts provided
Group 2  Single Warning A single alert at the most
suspicious stage (financial
info request)
Group3  SCRIPTMIND Continuous prediction of at-
LLM warning tacker next utterance

Table 12: Experimental Conditions

"The content you are about to see may be either a
phone scam attempt or a legitimate notice from a
public prosecutor’s office.”

This prompt served as a tool to elicit participants’
judgments about the authenticity of each utterance
in a realistic setting, allowing us to quantitatively
measure their level of suspicion at each stage.

The experiment was conducted in the same con-
ference room, where participants independently
watched the video and completed the survey using
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tablet PCs and stereo headphones. All groups heard
the same audio stimulus, while only the visual and
auditory warning cues varied across conditions to
ensure internal validity.

During the stimulus, the scammer’s utter-
ances were presented through both voice and on-
screen text. After each stage, participants were
asked(Appendix E.3):

1. Whether they believed the utterance was part
of a scam call.

How suspicious or anxious they felt after be-
ing exposed to the content.

To simulate realistic decision-making under time
pressure, participants were instructed to respond
promptly, with limited time allocated for each re-
sponse. Depending on the assigned condition, the
presentation of visual and auditory alerts varied:
the control group received no warnings; the Single



Warning group (Group 2) received a visual alert dur-
ing Stage 4 (Financial Information Request); and
the SCRIPTMIND LLM warning group (Group 3)
was shown an Al-generated sentence predicting
the scammer next utterance as a visual cue, dis-
playing a warning message—“Warning!! This is a
scam call”—along with the logo of the Korean Na-
tional Police Agency, accompanied by an auditory
alert tone. The presentation of real-time predic-
tion outputs was constructed by selecting sentences
deemed accurate from the predictions generated in
real time by the developed LLM model, based on
pre-constructed scam scripts.

Group 20- 30- 40- 50-  Total
29 39 49 59

Group 1 8 7 8 7 30

Group 2 7 8 7 8 30

Group 3 8 7 8 7 30

Total

(Preliminary) 23 22 23 22 90 (+8)
+2) +2) +2) 2

Table 13: Number of Participants by Group and Age

© Participant Recruitment. As shown in Ta-
ble 13, a total of 98 adults aged 20 to 59 were
recruited, evenly distributed across four age groups
by decade and assigned to three experimental con-
ditions through stratified random sampling. While
G*Power analysis suggested a minimum of 34
participants per group for sufficient power, this
study ensured robustness through a bootstrap based
ANOVA and repeated measures design.

To ensure the reliability of the study and prevent
data contamination, participants recruited based on
pre-defined criteria were automatically assigned
to condition groups. After inputting age informa-
tion, each participant was randomly assigned to a
condition within the experimental platform.

1) Inclusion Criteria: Individuals who voluntar-
ily consented to participate after receiving an
explanation of the study’s purpose.

2) Exclusion Criteria: Individuals who had par-
ticipated in a survey or experiment within the
past six months; those employed at financial
institutions or law enforcement/judicial agen-
cies; and those working in fields related to
research such as marketing, market research,
journalism, or broadcasting.

E.3 Evaluation Questions

At each utterance stage, participants were presented
with the following identical set of questions.
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Q1. Who do you think this speaker is: an authority
(e.g., investigator) or a scammer?

* 1-3: Investigator
e 4: Not Sure
e 5-7: Scammer

Q2. Emotional Evaluation — Please check the item
that best describes your current feeling:

* Importance:

— 1-3: Not important at all
— 4: Neutral
— 5-7: Very important

e Relevance:

— 1-3: Not relevant to me
— 4: Neutral
— 5-7: Highly relevant

* Anxiety:

— 1-3: Not anxious at all
— 4: Neutral
— 5-7: Very anxious

E.4 Statistical Analysis

We conducted quantitative statistical analyses to
examine differences in perception, emotional re-
sponse, and behavioral intention during scam call
scenarios, based on Al warning types and call
stages. Statistical analyses were performed using
the JAMOVI software, employing repeated mea-
sures ANOVA, one-way ANOVA, and independent
samples ¢-tests as the primary analytical methods.
The significance level was set at o = .05.

* To examine how recipients’ psychological re-
sponses as addressed in RQ1, including suspi-
cion of fraud, anxiety, and perceived personal
relevance, change over the course of a scam
call, the five call stages were treated as re-
peated measures factors. A repeated measures
ANOVA was conducted to analyze differences
in psychological variables across stages, and
Greenhouse-Geisser corrections were applied
in cases where the assumption of sphericity
was violated.

To investigate the impact of the conventional
Al detection method, namely a single warn-
ing message, on recipients’ scam recognition



and their intention to terminate the call as ad-
dressed in RQ2, an independent samples #-test
and one-way ANOVA were conducted to com-
pare differences between the single warning
condition (Group 2) and the control condition
without any warning (Group 1).

To evaluate the effectiveness of the LLM-
based real-time utterance prediction model
compared to traditional methods as ad-
dressed in RQ3, three experimental condi-
tions (SCRIPTMIND LLM warning, single
warning, and control group) were set as in-
dependent variables. A one-way ANOVA
was conducted to assess their effects on scam
recognition, intention to terminate the call,
and attitudes toward Al intervention. Addi-
tionally, a mixed-design repeated measures
ANOVA was performed to examine the inter-
action between Al alert condition and stage.

E.5 Scam Details in Cognitive Experiment
1. Identity Confirmation & Introduction
* (1) Confirming recipient identity

— EX) Hello, is this [Name]?

* (2) Stating impersonated identity

— Ex) Hello, this is Investigator Kim Young-
jae from the Seoul Central District Pros-
ecutors’ Office. Is now a good time to
talk?

* (3) Stating call purpose

— Ex) I'm contacting you regarding a few
confirmations about your personal data
breach.

2. Case Introduction
* (1) Asking if victim knows fictional suspect
— Ex) Do you happen to know some-

one named Kim Sang-sik from Ilsan,
Gyeonggi Province?

* (2) Asking about suspect’s address, age, etc.

— Ex) He’s a former civil servant, a 47-
year-old man.
about him through acquaintances?

Have you ever heard

* (3) Describing case and investigation involv-
ing fictional suspect
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— Ex) We have arrested a financial fraud
syndicate led by Kim Sang-sik.

* (4) Forming suspicion about account used in
crime

— EXx) During the seizure, multiple bank-
books and IDs under your name (from
Kookmin Bank and Shinhan Bank) were
found. Are you aware of these accounts?

* (5) Disclosing bankbook purchase through tes-
timony

— Ex) According to the statement made
by [Name], when they purchased the
bank account, they primarily used inter-
net banking, transferring money into the
account in their own name before com-
pleting the purchase.

* (6) Asking if victim knows the account

— Ex) This account was used in a crime
that resulted in a victim. Are you aware
of these accounts?

* (7) Confirming if victim opened the ghost ac-
count

— Ex) Did you, then, open [Bank Name]
and [Bank Name] accounts under your
name around January 27, 2016, through
[Address]?

3. Case Involvement

* (1) Statement about victim’s involvement in
the case

— EX) At the scene of the arrest, a large
amount of cash, cloned credit cards, and
bank accounts under borrowed names
were seized. Among these items, bank
accounts from [Bank Name] and [Bank
Name] registered under your name were

identified.
* (2) Objectively stating victim’s link to case

— Ex) When we checked the issuance date
of those accounts, it showed July 14,
2022, from Yeongdeungpo branch.

* (3) Confirming identity theft

— EXx) Have you ever received any message
or contact about your personal data be-
ing leaked to financial firms or shopping
malls?



* (4) Confirming whether it was theft or actual — Ex) Since both of your bank accounts

sale were found at the crime scene, if you
believe you are a victim, it is essential
that you provide proof to establish your
status as a victim.

— Ex) We contacted you to verify the misuse
of bankbooks opened under your name.

* (5) Asking if victim sold or transferred ac-

* (13) If proven victim, informing of compensa-
count

tion
— EX) Have you ever transferred your bank

— EX) If you are able to prove that you are
account to another person?

a victim and it is confirmed that these
individuals withdrew money from your
account, the state can provide compensa-
tion for the loss.

* (6) Stating need for proof of victimization

— Ex) Just because your name is on the
account doesn’t mean we see you as the
criminal. We do consider you a possible * (14) Notifying that prosecution is investigat-

victim, but we need proof. mg

— Ex) We’re not contacting you from a lo-

* (7) Warning that sale/transfer leads to punish- . . .
cal police station or an insurance com-

ment
pany, right? You understand where
— Ex) If you did transfer your bank account, we’re calling from, correct? This is an
you may be subject to punishment under official investigation by a government
Article 10, Section 90 of the Act on the agency—the Seoul Central District Pros-
Punishment of Transfer of Personal Fi- ecutors’ Office.

nancial Information. )
* (15) Warning of severe penalty for false state-

* (8) Pressuring that account was created by ments
vietim — EX) The entire investigation process is be-
— EX) When we checked the issuance date ing recorded, so if you are aware of any
of those accounts, it showed July 14, details regarding this case but provide
2022, from Yeongdeungpo branch. false statements or attempt to conceal in-

formation, you may be subject to more

* (9) Explaining many involved, including vic- severe legal penallies.
tims
4. Preparation for Voice Investigation
— Ex) This case currently involves ap-

proximately 180 individuals nationwide. * () Informing need for voice investigation

Among them are people who either — Ex) Since there’s no direct suspicion
opened bank accounts and sold them against you, we’ll proceed with a sim-
or were victims whose identities were plified voice-recorded investigation.
stolen.

* (2) Inducing agreement to participate

* (10) Stating victim has no criminal suspicion — Ex) For now, we will only record the

— EX) Based on our investigation, you have parts that you are aware of as evidence.
no criminal history and verified identity, Do you agree to the recording?

S0 we are contacting you in advance. * (3) Prohibiting victim from revealing investi-

e (11) Informing of investigation via voice testi- gation

mony — Ex) And since you, [Name], are currently
in the position of an interviewee under

— Ex) We’re here to assist your statement i L .
investigation, you do not have the right

as a victim. ' ) .

to disclose or discuss any details related

* (12) Notifying that proof of victimization is to this case until your status as a victim
required has been verified. Understood?
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* (4) Telling victim their accounts will be * (4) Notifying further freezing if other banks

tracked found
— Ex) We are currently conducting a joint — EX) Are you aware that any newly found
investigation with [Agency Name], and accounts may result in penalties and
we will be performing account tracing freezing?

under your name. If the accounts with

[Bank Name] and [Bank Name] were * (5) Confirming normal banks used

opened without your knowledge, there — Ex) If you use other bank accounts be-
is a possibility that other undiscovered yond those you’ve declared, please state
accounts may exist as well. only the name of the legitimate bank to

) o ) ] prevent them from being frozen as illegal.
* (5) Telling victim to note impersonated info

* (6) Confirmi ber/ f bank ac-
— EX) First of all, are you able to take (6) Confirming number/purpose of bank ac

. . . . counts

notes? Since I'm the investigator in
charge of your case, let me go over my — Ex) At [Bank Name], how many ac-
affiliation and name again. Please get counts and for what purposes would you
ready to write it down. normally have under your name? You
don’t have any accounts related to sav-
* (6) Notifying voice record will be submitted ings plans, housing subscriptions, funds,

to court stocks, or cryptocurrency, correct?

— EX) This will be submitted to court, so

if there are background noises or third-
party voices, it won't be accepted as evi- — EX) By “freezing,” we mean you can’t use
dence. Please take caution. the account at all. Do you understand?

* (7) Checking cash held in victim’s account

« (7) Setting environment for call * (8) Confirming balance held in account

— Ex) For depositor protection registra-
tion, we need to verify today’s balance
at [Bank Name].

— Ex) Are you currently at home or at
work? I asked because third-party voices
can invalidate the recording.

* (8) Notifying start of voice investigation ’ gﬁSWarmng about punishment if amount dif-
— Ex) Alright, we’ll start the recording. — Ex) If the reported balance differs by
over 1 million KRW, the account will be
considered suspicious, frozen, and may

lead to an arrest warrant.

5. Voice Investigation

* (1) Asking victim to state name, ID, etc.

— Ex) Hello, I'm Investigator Kim Young-

jae. Please state your name and age for
the record. — Ex) Thank you for your cooperation. The

first hearing will be held next Wednesday.

* (10) Informing of next steps after call

* (2) Re-checking knowledge of people/ac-
counts/crime links * (11) Threatening in-person summon if victim
refuses to participate
— Ex) Do you know Kim Sung-sik, a 47-

year-old man residing in Ilsan, Gyeonggi — Ex) First, we will send a summons to

Province? your residence. Once you receive it,
please appear in person at our office as
* (3) Notifying account freezing instructed.

— Ex) These two accounts were frozen to
prevent further damage. Do you know
what freezing means?

31



F Ethical Considerations

F.1 Dataset and Model

The data used in this study was derived from the
FRAUDULENT SCENARIO COMPLETION task, one
of the benchmark tasks included in the officially
released Law&Order dataset, made available via
github by a policy researcher affiliated with the
Korean National Police Agency (PSI, 2025). The
original source data for this task consists of 571
voice phishing cases recorded between 2015 and
2019, all of which included verified voice record-
ings. Each case was transcribed using speech-to-
text processing, and personally identifiable infor-
mation, such as names, bank account numbers, and
addresses, was either removed or anonymized to en-
sure that the dataset contained no personal data. For
the purposes of this study, the original audio files
were not used. Instead, the experiments were con-
ducted using synthetic audio recordings, generated
by professional actors reading the transcriptions.

The sLLM model used in the experiment was de-
veloped to predict the intent behind the scammer’s
utterances, utilizing a generative language model-
ing approach. Given the potential risk of adversar-
ial misuse, such as the model being exploited to
generate scam content, both model training and in-
ference were conducted exclusively within a closed,
internal network at the Korean National Police
Agency, which originally provided the dataset. The
model itself was not released as open source; only
the model outputs, in the form of text, were used
in the experimental setting.

F.2

This research was reviewed and approved by the
Central Institutional Review Board of Korea (IRB
No. P01-202408-01-045), and written informed
consent was obtained from all participants. All re-
sponses were collected anonymously, no personal
data was stored or retained, and the entire exper-
imental process adhered to ethical standards for
research involving human subjects. Participant re-
cruitment was conducted between August 26 and
September 6, 2024. Eligible participants were pre-
screened based on predefined inclusion criteria and
were contacted via SMS with a URL containing
an information sheet and consent form detailing
the study purpose, procedures, potential risks and
benefits, data protection measures, and voluntary
participation policy. Participants who consented
were randomly assigned to one of three conditions

Human Experiment
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and were provided with a tablet and headphones to
complete the task. Each participant viewed a simu-
lated voice phishing scenario video and responded
to stage-specific survey items over the course of
approximately 30 to 40 minutes. All response data
were collected via a secure electronic survey sys-
tem in real time.

F.3 Privacy Concerns of On-Device LLMs for
Scam Conversation Analysis

F.3.1

Although scam conversation datasets can help build
models that detect and prevent fraud, there is a po-
tential concern that such data might be misused
for automated surveillance. However, this concern
is mitigated by multiple safeguards. Law enforce-
ment agencies, telecom companies, and social me-
dia platforms are all bound by existing privacy and
communication protection laws that strictly pro-
hibit unauthorized monitoring of citizens’ private
communications. Moreover, these organizations
already possess their own user data and cannot
legally repurpose it for surveillance without con-
sent or judicial oversight.

Misuse as a Surveillance Tool

F.3.2 Operation in Secure, Closed
Environments

Our dataset and models are developed and oper-
ated within the closed police network, ensuring that
no data is used for targeting individuals. The sys-
tem functions solely as an internal decision-support
tool for investigators, with all judgments ultimately
made by human officers. All preprocessing and ex-
periments occur within this restricted environment
and are not accessible to external parties.

F.3.3 Legal and Regulatory Safeguards

Countries such as South Korea, the UK, and mem-
bers of the EU have established or proposed Al
governance frameworks, for example, Korea’s Ar-
tificial Intelligence Basic Act, that classify police-
developed Al systems as “high-impact AL’ Such
systems are legally required to undergo committee
review, data management oversight, user protec-
tion planning, and risk mitigation. These interna-
tional regulatory trends collectively ensure that on-
device LLMs analyzing scam conversations cannot
be used for broad or invasive surveillance.



G Finetuning Results Analysis

G.1 Correlation between LLM-as-a-Judge
and Human Evaluation

Pair Correlation
LLM-finetuning vs Human1-finetuning 0.850"**
LLM-zeroshot vs Human1-zeroshot 0.830"**
Human1-zeroshot vs Human2-zeroshot 0.826™**
Human1-finetuning vs Human2-finetuning 0.819"**
LLM-finetuning vs Human2-finetuning 0.810***
LLM-zeroshot vs Human2-zeroshot 0.782***

Table 14: Results of Correlation Analysis on LLM-as-
a-Judge and Human Evaluation. Pearson correlation
coefficients were calculated. Statistical significance was
setat p < 0.05. ***p < 0.001.

We evaluated the quality of LLM responses for
CSIT using the LLM-as-a-Judge framework. To
validate its reliability, we analyzed the correlation
between two human experts’ ratings and the auto-
matic scores on 200 randomly sampled instances
from the test set. The analysis employed the Pear-
son correlation coefficient, with statistical signif-
icance set at p < 0.05. We conducted indepen-
dent analyses for 200 zeroshot and 200 finetun-
ing evaluation instances, following the same pro-
cedure. Both human experts and the LLM were
instructed to assess responses solely based on the
given golden answers, with the LLM providing
decimal scores between 0 and 1 and humans using
a 7-point Likert scale. The evaluation prompt is
presented in Table 15.

As shown in Table 14, the results indicate a
strong correlation between human and LLM-based
evaluations, consistently observed across both ze-
roshot and finetuning settings. The correlations
were statistically significant, suggesting that auto-
mated evaluation by LLMs can serve as a valid
alternative for assessing other models.

G.2 Effect of sLLM Fine-tuning

We conducted a detailed comparison between the
zero-shot and fine-tuned performances of each
sLLM to assess the impact of SCRIPTMIND fine-
tuning. As shown in Table 16, all seven models
demonstrated improvements across scam detection
accuracy, next-utterance quality, and rationale gen-
eration. On average, the Accuracy and F1 score of
scam detection increased by 0.28 and 0.19, respec-
tively, while the False Positive Rate decreased by
approximately 0.28, indicating a notable reduction
in misclassification. Although the False Negative
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Rate varied by model, with some showing slight in-
creases(e.g. Llama 3.1 8B and SOLAR 10.7B), this
trend may reflect a more conservative classification
tendency when models jointly learned benign data,
causing them to label borderline scam instances as
non-scam. In contrast, both Next Utterance and Ra-
tionale scores improved substantially (0.24, 0.16),
suggesting that SCRIPTMIND finetuning enhanced
contextual understanding and explanatory quality
in scam-related dialogue modeling.

In addition, we qualitatively analyzed the im-
provement in scam detection performance achieved
through SCRIPTMIND fine-tuning by examining
actual prediction cases.

(1) Enhanced Understanding of Scam Scenarios
As shown in the first row of Table 17, the EEVE
model fine-tuned with SCRIPTMIND demonstrates
a clear understanding of a typical scam scenario in
which the scammer falsely claims that “the user’s
bank account is linked to a criminal case.” Conse-
quently, in other similar cases where the scammer
states that “it is necessary to verify whether the
user opened the account themselves or is a victim
of identity theft,” the fine-tuned model accurately
predicts such repetitive and characteristic scam ut-
terances and provides detailed explanations of their
deceptive intent. In contrast, the zero-shot model
merely repeats the scammer’s words or offers only
a superficial description such as “the scammer is
trying to steal personal information.”

(2) Reduction of False Negatives As illustrated
in the second row of Table 17, the SCRIPTMIND
fine-tuned EEVE model successfully identifies de-
ceptive intent even in conversations that appear or-
dinary at first glance. For instance, an utterance like
“Do you know Mr. XX?” may sound like a casual
question, but in a prosecutor impersonation scam
scenario, it serves as a classic tactic to gain trust
by referring to a fictional criminal figure. The fine-
tuned model accurately recognized this contextual
cue and classified the dialogue as a scam, whereas
the zero-shot model misclassified it as a normal
conversation. This finding highlights the impor-
tance of enabling early-stage scam detection to
prevent further interaction and potential victimiza-
tion, emphasizing the necessity of learning subtle
contextual cues underlying scam communication.

(3) Reduction of False Positives While mini-
mizing false negatives is important, reducing false
positives is an even more critical challenge in scam



Instruction / Content

You are an expert evaluator for phone scam scenario predictions. Your task is to compare the model’s
predicted next utterance with the correct ground truth utterance. Rate the prediction STRICTLY based
on whether it conveys the same phishing situation or meaning as the ground truth, not merely based on
text similarity.

Give a score between 0.00 and 1.00 (two decimal places):

- 1.00 means the prediction fully matches the meaning and intent of the ground truth (same phishing
situation described).

- 0.00 means the prediction is completely different or unrelated.

- Intermediate values (e.g., @.45, 0.72) represent partial semantic overlap or situational similarity.

Output only the numeric score, no explanation.

Table 15: LLM instruction example for automated evaluation of scam scenario predictions

Model Scam Detection Next Utterance Rationale
ACC F1 FP/FN LLM-as-a-Judge | LLM-as-a-Judge
Llama-3.2-1B-Instruct 036 036 -0.18/-0.19 0.35 0.40
EXAONE-3.5-2.4B-Instruct 036 0.29 -0.25/-0.10 0.23 0.22
Midm-2.0-Mini-Instruct 0.26 0.23 -0.20/-0.06 0.22 0.24
Llama-3.1-8B-Instruct 030 0.09 -0.49/0.19 0.22 0.00
SOLAR-10.7B-Instruct 0.21 0.10 -0.33/0.12 0.28 0.06
EEVE-Korean-Instruct-10.8B | 0.27 0.24 -0.20/-0.08 0.26 0.28
Midm-2.0-Base-Instruct 0.18 0.04 -0.28/0.09 0.11 -0.07

Table 16: Performance improvement of each model before and after fine-tuning. Each value represents the
performance gain of the fine-tuned model compared to its zero-shot baseline.

detection. If legitimate communications from law
enforcement, such as requests for appearance is-
sued by the police or prosecution, are mistakenly
classified as scams, the reliability of the detection
system would be severely compromised, poten-
tially disrupting legitimate criminal justice opera-
tions. As presented in the third row of Table 17, the
SCRIPTMIND fine-tuned EEVE model correctly
classifies such lawful law-enforcement scenarios
as non-scam, whereas the zero-shot model erro-
neously labels them as scam. This demonstrates
the necessity of incorporating both scam and be-
nign data in a balanced fine-tuning process to en-
able the model to distinguish subtle linguistic and
contextual differences between fraudulent and legit-
imate communications. Through this approach, the
model can precisely capture the characteristics of
deceptive speech while maintaining high accuracy
in recognizing genuine public communication.
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available for a call now?
Do you know a woman
named [Name], born in
[Address], aged [Age]?”

heard about her
through any ac-
quaintances or
groups? We are
asking because
the prosecution

recently arrested
a financial fraud
ring led by
[Name] ,
ing which we

seized multiple
bank accounts”

dur-

recognizes a

fake suspect
name and will
next explain
the fabricated
case and the
citizen’s alleged
involvement.”

this person?
We
arrested a

recently

financial crime
ring led by

[Name]. »

the fake suspect

and will next
describe the

crime and
investigation
details.”

Input Conversation Golden | Golden Answer | Golden Answer | Finetuned Ans Finetuned Ans Zeroshot Ans Zeroshot Ans
Label (Next Utterance) (Rationale) (Next Utterance) (Rationale) (Next Utterance) (Rationale)

“Do you have no knowl- scam “The scammer’s | “The scam- | “The scammer’s | “The scammer | “The scammer’s | “Current scam-

edge about this at all? Al- next expected mer cur- | next expected aims to inform next expected mer intent:

right, understood. Have utterance: We rently aims to utterance: The the citizen utterance: Have to obtain the

you ever visited the [ad- are contacting verify whether reason we are about the case you ever visited user’s financial

dress] branch? This is you to investi- contacting you obiectivel the  [address] information.

the Seoul Central Dis- gate  whether the victim’s today is to de- J ; y branch?” Next expected

trict Prosecutors’ Office. you personally ity termine whether | and will nextask intent: to collgct

Have you ever been there? you personally whether  they ID or banking

The account discovered opened and sold stolen and sold or were information, as

was opened around Au- will next opened the . , the scammer

gust 2015 at the [address] ~the account ask whether accounts impersonated. is inquiring

branch. That’s why I "ror payment or |, victim | and sold them about the user’s

asked you earlier. In 1fAy(A)u We{re a sold the account | for profit, or address and

the past three years, have victim of identity| prp— S —— transactions.

you ever lost any items theft. ” ) .

like your wallet or ID . impersonated. identity was

that could lead to personal

data leakage? According stolen.

to our comparison with

the relevant financial in-

stitution, the account is

definitely registered under

your name.”

“There was an issue, so scam “The scammer’s “The scam- “The scammer’s “The scammer Misclassified as non-scam.

we’re contacting you. We next expected mer currently | next expected aims to con-

have a few questions utterance:  So, | seeks to check | utterance: firm  whether

about this case—are you you haven’t if the victim You don’t know | the user knows

“Is this Mr. Yoon Young-
sik?  Yes, who is this?
Hello, this is Sergeant
Lee Cheol-soo from the
Gimhae Police Depart-
ment’s Traffic Investiga-
tion Team. Do you have
a moment to talk? Yes,
what is this about? We re-
ceived a report of drunk
driving on August 25,
2018. We need to inves-
tigate this matter. When
can you come to the sta-
tion? This Friday at 3 p.m.
would work. Please bring
your ID when you visit.”

non-scam

“Correctly classified as non-scam.”

Misclassified as scam.

Incorrectly predicted next utterance

: “The officer informs the citizen
of a drunk-driving investigation
and reminds them to bring their

D>,

Incorrectly predicted intent :

to deceive Mr. Yoon under the
guise of a police officer to obtain
personal ID information and to
use the ID and personal data for
identity theft.

Table 17: Examples of input conversations, ground-truth (golden) answers, and model predictions (finetuned vs.
zero-shot). The examples illustrate model behavior in next utterance generation and rationale explanation for both
scam and non-scam dialogues.
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H Cognitive Evaluation Results Analysis

H.1 Summary of Experiment Result Analysis

Because real scam call experiments are ethically
infeasible, participants in our simulation were in-
formed that the conversation might be fraudulent,
which naturally elevated their initial suspicion lev-
els. To mitigate this limitation and ensure the valid-
ity of the findings, we applied a rigorous multi-step
analytical framework to capture the genuine cogni-
tive effects of LLM interventions.

First, we statistically examined whether partici-
pants’ suspicion varied meaningfully across scam
stages. Alongside suspicion, we also tracked anx-
iety and perceived relevance to validate suspicion
as a sensitive cognitive indicator. Results revealed
that while anxiety and relevance showed no signif-
icant stage-wise differences, suspicion decreased
across Stages 1-3 and sharply increased at Stage
4. A repeated measures ANOVA confirmed that
these differences were statistically significant (Ap-
pendix H.2), verifying that suspicion functions as a
more dynamic and diagnostic psychological marker
for scam detection.

Next, to assess the impact of a traditional sin-
gle warning, we compared mean perceived sus-
picion scores across the entire script, as single
warnings are not tied to specific conversational
stages. Although the single-warning group re-
ported slightly higher suspicion than the control
group, the difference was not statistically signifi-
cant (Appendix H.3). This suggests that a one-time
alert may momentarily raise awareness but cannot
sustain cognitive resistance throughout a strategi-
cally structured social engineering scam.

Finally, we analyzed the stage-wise effects of
the LLM intervention. A significant interaction be-
tween stage and group (Table 22) indicated that sus-
picion patterns were not driven merely by call pro-
gression but by the type of warning received. Stage-
wise ANOVAs further showed that the LLM Warn-
ing group exhibited the highest suspicion at Stages
4 and 5, with statistically significant between-group
differences (Table 23). These findings indicate that
LLM interventions effectively sustain and amplify
suspicion, especially during critical stages involv-
ing pressure or financial solicitation, whereas the
control and single-warning groups showed slower
or incomplete recovery in awareness.
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Figure 9: Mean Trends of Psychological Reactions

H.2 RQ1: suspicion evolves, but emotion
persists throughout scam stages

To address RQ1, we examined how recipients’ psy-
chological reactions, specifically suspicion, per-
ceived relevance, and anxiety change. The results
show that suspicion levels temporarily decreased
and reached their lowest point at Stage 3, followed
by a sharp increase at Stage 4. In contrast, per-
ceived relevance and anxiety remained relatively
stable across stages. The means and standard devia-
tions for each psychological variable across the five
stages are presented in Table 18, and these patterns
are also visualized in Figure 9.

Stage Suspicion (M = Relevance Anxiety
SD)

Stage 1  5.37+1.89 372+£1.87 3.76+1.93

Stage2  5.06 £ 1.90 359+1.89 3.57+1091

Stage3  4.21 £2.06 384+197 3.70+1.89

Stage4 5.83+1.64 3.69+£2.03 3.60+2.06

Stage 5  5.27 £2.08 353+£2.00 3.51+£2.05

Table 18: Descriptive Statistics of Reactions

The results of the repeated measures ANOVA
support this finding. As shown in Table 19, there
was a statistically significant effect of stage on
suspicion(F'(4, 356) = 23.20, p < .001). In con-
trast, no significant differences across stages were
observed for perceived relevance(F'(4, 356) = 1.45,
p = .217), or anxiety(F'(4, 356) = 1.10, p = .359).

Variable F(4, 356) P Partial 7,°
Suspicion 23.20 < .001 207
Relevance 1.45 217 016
Anxiety 1.10 .359 .012

Table 19: Repeated Measures ANOVA with Effect Sizes.
Partial 7 represents the effect size. Sphericity assump-
tion was violated for all variables, but the Greenhouse
Geisser corrected results yielded consistent patterns.



Stage1 Stage2 Mean Dif- P Significant
ference

Stage 1 ~ Stage2  -0.31 814 No

Stage 1  Stage3 -1.16 <.001  Yes

Stage 1  Stage4  0.47 479 No

Stage 1  Stage5 -0.10 .997 No

Stage 2  Stage3 -0.84 .028 Yes

Table 20: Pairwise comparisons of suspicion. We used
Tukey’s HSD Test. Mean differences reflect the direc-
tion and magnitude of change between stages.

Post-hoc comparisons using Tukey’s HSD test
were also conducted for the suspicion variable. As
shown in Table 20, significant differences were ob-
served between Stage 1 and Stage 3 (p < .001), and
between Stage 2 and Stage 3 (p = .028), indicating
that suspicion was significantly lower at Stage 3
than in the earlier stages.

These findings suggest that participants showed
initial suspicion during Stages 1-2, which briefly
declined in Stage 3, likely due to persuasive scam-
mer cues, then sharply increased from Stage 4 as
pressure and financial demands escalated. In con-
trast, relevance and anxiety remained relatively sta-
ble, indicating that suspicion may be a more sensi-
tive and dynamic marker for detecting scam.

H.3 RQ2: single interventions failed to
produce significant cognitive effects in
complex social engineering scam

To address RQ2, which examines the effect of a tra-
ditional Al-based detection method on recipients’
scam awareness and call termination intention, in-
dependent samples t-tests and one-way ANOVA
were conducted to compare the single warning and
no-warning groups. Awareness was measured as
the average perceived suspicion score across all
stages of the script.

As shown in Table 21 and Figure 10, the single-
warning group reported slightly higher levels of sus-
picion compared to the control group. However, the
difference was not statistically significant(¢(58) =
0.96,p = .339). The effect size was small (Co-
hen’s d = 0.25), and the 95% confidence interval
estimated through bootstrapping [-0.42, 1.22] also
indicated a lack of statistical significance.

These results suggest that while a single warn-
ing may momentarily trigger suspicion, it is in-
sufficient to sustain recipients’ psychological resis-
tance throughout the full sequence of a strategically
structured social engineering scam. In complex, dy-
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namic threat scenarios such as voice phishing, more
adaptive and context-aware interventions may be
necessary to produce significant cognitive effects.
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Figure 10: Comparison of Scam Suspicion Score

Group N M SD t(SS) P 95% CI Cohen’s

d
Single 30 5.13 1.56 0.96 .339 [-0.42,1.22] 0.25
‘Warning

30 4.73 1.66

No Warn-
ing

Table 21: Suspicion Scores of Single and No Warning.
Cohen’s d is reported as the standardized effect size.

H.4 RQ3: SCRIPTMIND helps users recognize
potential harm during scams

RQ3 aimed to evaluate whether a SCRIPTMIND
warning generated by LLMs could enhance users’
cognitive suspicion in response to a simulated SE
attack. To examine this, we conducted a two-way
repeated measures ANOVA, with five call stages as
the within-subjects factor and experimental condi-
tion as the between-subjects factor.

As shown in Table 22, the results revealed
a significant main effect of stage on suspicion
levels(F(4, 348) = 23.79, p < .001, partial % =
.215). Importantly, a significant interaction effect
between stage and group was also observed(F'(8,
348) =2.15, p = .031, partial n? = .047). This indi-
cates that users’ suspicion did not merely fluctuate
based on the temporal flow, but rather changed in
distinct patterns depending on the type of warning.

To better understand these patterns, we con-
ducted stage-wise one-way ANOVAs comparing
the groups at each of the stages. As shown in Ta-
ble 23, the LLM Warning group exhibited the high-
est suspicion scores at Stage 4 and Stage 5, and the



Effect df F P Partial n°
Stage 4,348 2379 < .001 0.215
Stage x Group 8,348 2.15 .031 0.047

Table 22: Repeated Measures ANOVA Summary for
Suspicion Scores by Stage and Each Group

—e— LLM_Warning
Single_Warning
—e— Control

6.0

Mean Suspicion Score
«
o

3.0
Stage 1 Stage 2 Stage 3 Stage 4 Stage 5

Figure 11: Changes in Suspicion Levels by Script Stage

differences between groups at these stages were sta-
tistically significant (p = .039, .024). No significant
group differences were found in Stages 1-3.

Stage LLM_Warning Single_Warning Control F P

Stagel 5.63+1.69 5.40+1.92 5.07£2.07 0.67 512
Stage2 5.60£1.65 4.77£2.08 4.80+1.90 1.88 .159
Stage3 4.63+1.99 3.87+£2.21 4.13+1.96 1.07 346
Stage4 6.27£1.60 6.00£1.49 5.23£1.72 336 .039
Stage5 5.73£2.05 5.63£1.69 4.43+2.25 3.88 .024

Table 23: Suspicion Scores by Stage and Each Group

Specifically, as visualized in Figure 11, partici-
pants in the LLM Warning condition maintained
relatively high levels of suspicion during the initial
stages (Stages 1 and 2). Although their suspicion
briefly declined at Stage 3, they showed a marked
increase beginning at Stage 4, reaching the highest
average suspicion levels by the final stage.

These findings suggest that SCRIPTMIND inter-
ventions can elicit stronger and more sustained sus-
picion responses, especially as social engineering
scam progresses into its critical stages involving
pressure or financial requests. In contrast, partic-
ipants in the control and single-warning groups
exhibited either delayed or reduced recovery in sus-
picion following the mid-call drop in awareness.

In summary, the results support that LLM-based
warnings are more effective than traditional single-
message alerts in promoting cognitive resilience
during phone scam. The dynamic and context-
sensitive nature of SCRIPTMIND predictions ap-
pears to better support users’ psychological defense
mechanisms, making this a promising intervention
strategy for complex social engineering scams.
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Abstract

Pharmaceutical manufacturers generate thou-
sands of batch manufacturing records (BMRs)
each year. Under FDA 21 CFR Part 211 and
EU GMP guidelines, these 100+ page docu-
ments mix tables, calculations, images, and
handwritten annotations and must be retained
for decades (U.S. Food and Drug Adminis-
tration, 2024b; European Medicines Agency,
2022). Existing options sit between generic
document tools that lack pharmaceutical se-
mantics and industry systems that assume al-
ready digital, standardized inputs (AWS Part-
ner Network, 2025; Llamalndex Team, 2024).
As a result, most BMRs are still converted and
reviewed manually, with effort scaling linearly
with volume (Pharmaceutical Technology Ed-
itors, 2024).

We present an agentic Al workflow that
converts unstructured BMRs into compli-
ant, structured JSON. The system uses hy-
brid OCR + vision-language document un-
derstanding, token-based chunking, and par-
allel LLM extraction guided by a TypeScript-
like schema that encodes the pharmaceutical
Group—Phase—Step hierarchy and 11 content
types (including tables, calculations, numer-
ic/date fields, images, and pass/fail checks).
Three validation layers enforce syntactic cor-
rectness, structural integrity, and pharmaceuti-
cal compliance, and coverage-style metrics ex-
pose extraction quality.

On three real-world BMRs (15-66 pages), the
system achieves composite confidence scores
of 82.08-89.00%, with perfect hierarchy, se-
quence, and cross-reference preservation, and
perfect fidelity for calculations, conditional
logic, and units. Processing time drops from
several hours of manual quality review per
document to minutes or tens of minutes on
standard infrastructure (single GPU, up to 8

“Equal contribution.

TCurrent arXiv preprint: From Paper to Structured JSON:
An Agentic Workflow for Compliant BMR Digital Transfor-
mation. arXiv:2601.04368 (2025).
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parallel workers). Remaining challenges in-
clude OCR noise on historical documents and
cross-chunk context for very long (> 150-
page) records. Overall, schema-guided, vali-
dated extraction enables practical, human-in-
the-loop BMR digitization at scale.

1 Introduction

Batch Manufacturing Records (BMRs) document
the complete manufacturing history of a phar-
maceutical product, including materials, equip-
ment, process parameters, quality results, devia-
tions, and corrective actions. They are mandated
by regulators such as the FDA (21 CFR Part 211)
and EMA (EU GMP) and form a core part of the
quality system, enabling traceability, recalls, and
patient safety safeguards (U.S. Food and Drug Ad-
ministration, 2024b; European Medicines Agency,
2022; Pharmaceutical Technology Editors, 2024).

In practice, many facilities still rely on paper
or scan-based BMRs. Operators transcribe read-
ings by hand, perform calculations without en-
forced checks, and collect wet signatures. Qual-
ity assurance (QA) teams then review 100-150
page records line by line before physical archiv-
ing. Retrieving data for investigations or pro-
cess improvement requires locating and re-reading
paper records, often under time pressure (Inter-
national Society for Pharmaceutical Engineering,
2023; McKinsey & Company, 2025).

Generic LLM-based extractors (e.g., invoice
or contract parsers) can produce JSON but
lack domain constraints and GMP-specific struc-
tures (Llamalndex Team, 2024; LangChain Team,
2024). Pharmaceutical electronic batch record
(EBR) systems, in contrast, assume prospective
digital capture and standardized templates and are
not designed to ingest heterogeneous historical
BMRs (AWS Partner Network, 2025; MasterCon-
trol Inc., 2023). The result is a gap: decades of
manufacturing knowledge remain locked in un-

Proceedings of the 19th Conference of the European Chapter of the Association for Computational Linguistics
Volume 5: Industry Track, pages 3947
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structured documents (Smith et al., 2024).
This paper describes an agentic Al workflow
that bridges this gap. Our contributions are:

* A production-oriented pipeline that trans-
forms unstructured BMR PDFs into struc-
tured JSON that preserves the Group—Phase—
Step hierarchy and key GMP semantics.

* A hybrid document understanding stack com-
bining MarkltDown, OCR, and a vision-
language model to handle long, noisy, and
handwritten BMRs.

* A schema-guided extraction and validation
framework with coverage metrics tailored to
pharmaceutical documentation.

* An empirical evaluation on three real BMRs,
showing high structural fidelity and useful
coverage with large reductions in processing

time.
2 Problem
Operational burden. Time-motion studies indi-

cate that each BMR requires roughly three hours
of QA review (ISPE Metrics Team, 2023). A mid-
size site producing 100 batches per month gener-
ates about 1,200 BMRs annually, leading to thou-
sands of QA hours per year and tens of thousands
of archived documents over a decade. Operators
can spend 30% of their time on documentation
rather than value-generating manufacturing work
(Johnson and Williams, 2024), delaying batch re-
lease and increasing inventory costs.

Error and compliance risk. Manual documen-
tation is a leading cause of deviations and qual-
ity incidents (Product Quality Research Institute,
2023; Anderson et al., 2024). Common fail-
ure modes include transcription errors, missing
signatures, and incorrect or unchecked calcula-
tions. Conventional OCR tools can extract text but
cannot verify calculations, enforce 21 CFR Part
11-style audit trails, or reliably preserve condi-
tional logic and cross-references (U.S. Food and
Drug Administration, 2024a). This creates regu-
latory risk and costly remediation when problems
are detected.

Scalability limits. Manual digitization of his-
torical archives is even less tractable. At con-
version rates of 2-3 BMRs per person-day, fully
processing 20,000 legacy records would require
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roughly 27 person-years of effort (Accenture Life
Sciences, 2023; Boston Consulting Group, 2024).
This cost blocks many organizations from using
their own historical process data for yield opti-
mization, deviation trending, or technology trans-
fer.

Technology gap. Current Al-based document
extractors are agnostic to GMP constraints and
pharmaceutical semantics, while industry EBR
systems assume clean, structured inputs. No
widely deployed system jointly offers: (i) robust
extraction from noisy, heterogeneous BMRs; (i)
strong schema and relationship constraints aligned
with GMP practice; and (iii) explicit quality met-
rics exposing what was reliably captured and what
needs human review.

3 System Overview

Our system is designed as a human-in-the-loop
workflow that starts from a BMR PDF and ends
with structured JSON plus quality signals, ready
for downstream use but still subject to human ap-
proval.

Input and document understanding. A user
uploads a BMR PDF (digital or scanned). The
system first applies a hybrid document under-
standing stack: MarkItDown produces markdown
with headings, lists, and tables; a vision-language
model extracts text and layout from images and
complex regions; and a fallback OCR engine ad-
dresses cases where the vision model is not used
or fails. The result is a single, enriched markdown
representation that includes tables, paragraphs,
forms, calculations, and image-derived text.

Hierarchical modeling. BMRs follow a con-
sistent but domain-specific structure:  high-
level groups (e.g., “Processing”, “Packaging”),
phases within groups (e.g., ‘“Material Prepara-
tion”, “Blending”), and steps within phases. The
system models this Group—Phase—Step hierar-
chy explicitly. Content inside steps is labeled
into a compact set of content types, including
text, numeric/date fields, choice/pass/fail fields,
tables, calculations, timestamps, links, images,
and attachments. This structure is encoded in a
TypeScript-style schema that becomes the contract
for extraction.

Parallel, chunk-based extraction. The mark-
down is split into token-based chunks that fit



within the LLM context window while roughly
respecting sentence boundaries and logical sec-
tion breaks. Chunks are processed in parallel by
worker agents that convert their piece of the docu-
ment into JSON conforming to the schema. Identi-
fiers (group, phase, step IDs) are generated so that
cross-chunk relationships can be merged without
collision.

Validation, metrics, and user output. After
all chunks are processed, a validator merges out-
puts and applies three layers of checks: (i) JSON
and tag syntax; (ii) structural integrity (hierar-
chy, sequence, ID consistency, cross-references);
and (iii) pharmaceutical semantics (calculations,
units, conditional logic, field-level completeness).
Coverage-style metrics (e.g., crude vs. context-
aware word coverage, reference coverage, step ac-
curacy) are combined into a composite confidence
score. The user receives the final JSON, a sum-
mary of metrics, and flags for low-confidence re-
gions that warrant human review.

4 Technical Architecture

This section summarizes the main technical de-
sign decisions that enable robust, production-
ready BMR digitization without code-level detail.

4.1 Hybrid document understanding

We evaluated multiple OCR and document under-
standing models, including IBM Granite Docling,
RedNote DOTS OCR, Nanonets OCR, Microsoft
TrOCR, and Donut. In practice, a hybrid approach
worked best for our use case:

e MarkItDown for primary document struc-
ture extraction and markdown conversion,
preserving headings, lists, and tables.

* Qwen3-VL-8B-Instruct (or similar) as the
main vision-language model for extracting
text and layout from complex regions, tables,
stamps, diagrams, and handwritten annota-
tions.

* Tesseract OCR with multiple page segmen-
tation configurations as a fallback when the
vision model is disabled or fails.

The pipeline first runs MarkItDown, then iden-
tifies images and complex regions that benefit
from vision-language processing. OCR results are

merged back into the markdown so that down-
stream components see a unified text representa-
tion. This hybrid stack improves robustness on
low-quality scans and documents with heavy an-
notation, where pure OCR approaches perform
poorly.

4.2 Chunking and parallel processing

BMRs often exceed 100 pages, which would over-
flow typical LLM context limits if processed as a
single sequence. We therefore implement token-
based chunking with a greedy sentence-packing
strategy and a threshold of roughly 3,000 tokens
per chunk. Oversized units (e.g., very large tables)
are hard-split when necessary.

Chunks are processed concurrently using a
thread pool with up to eight workers, each calling
a schema-aware extraction prompt that converts
its chunk into JSON. To preserve global structure,
workers:

* maintain references to the current group and
phase, inferred from headings and section
markers; and

* allocate globally unique IDs using a shared
range or offset scheme so that merged JSON
has consistent group_id, phase_id, and
step_id fields.

This design reduces end-to-end runtime from
hours to minutes or tens of minutes, while retain-
ing the ability to reason about document-wide re-
lationships.

4.3 Schema-guided extraction and validation

Instead of relying on free-form extraction with
post-hoc heuristics, the system uses a TypeScript-
like schema to steer the LLM. The schema defines:

e field types (e.g., "text", "numeric",
"date", "choice", "pass_fail",
"timestamp", "boolean");

* content objects for paragraphs, lists, notes,
instructions, data forms, calculations, tables,
and images; and

e the Group, Phase, and Step classes, with
explicit id, group_id, and phase_id
links.

Prompts include the schema and a small set of
extraction rules (e.g., “do not nest phases inside



groups in the JSON; use IDs instead”), and re-
quire valid JSON output only. In our internal ex-
periments, this representation reduced schema vi-
olations compared to JSON Schema-—style descrip-
tions and made it easier for domain experts to re-
view and adjust types.

After extraction, a validator runs three layers of
checks:

1. Syntactic validation: JSON parses success-
fully, arrays and objects are well-formed, and
reserved tags are used correctly.

. Structural validation: all phase and
step references resolve; sequence order-
ing matches the source document; cross-
references (e.g., “see Table 3”) are internally
consistent when possible.

. Pharmaceutical validation: calculation ex-
pressions, variable names, units, and accept-
able ranges are well-formed; pass/fail logic
appears consistent; and header-level informa-
tion (e.g., batch name, SKU, dates) is popu-
lated.

Coverage-style metrics estimate how much of
the original content was captured and how faith-
fully. These metrics drive the composite con-
fidence score shown to users and are also used
to trigger re-processing or human review of low-
confidence sections.

5 Results

We evaluated the system on three representative
BMRs from different manufacturing contexts: oral
solid encapsulation, contract packaging, and solid-
dose tablet manufacturing. The documents range
from 15 to 66 pages and include mixed-quality
scans, tables, calculations, handwritten annota-
tions, and multi-step procedures.

5.1 Extraction quality

Table 1 summarizes key metrics across the three
documents. Coverage metrics capture how much
content was extracted; structural metrics capture
preservation of the Group—Phase—Step hierarchy
and cross-references; and content fidelity metrics
capture correctness of calculations, conditional
logic, units, and step-level details.

Crude word coverage varies with scan qual-
ity and layout, but context-aware coverage—a
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looser measure of whether the essential mean-
ing of each region is present somewhere in
the JSON—remains above 93% for all docu-
ments. Pharmaceutical-critical elements (calcu-
lations, conditional logic, units) are consistently
extracted with 100% fidelity. Structural metrics
show perfect preservation of the Group—Phase—
Step hierarchy and step ordering.

Step-level accuracy, which requires that all fine-
grained fields and notes are correctly captured and
associated with the right step, is lower (75-83%)
and reflects the main residual error source. Com-
mon issues include handwritten annotations over-
lapping printed text, site-specific abbreviations not
seen during development, and multi-page tables
with irregular header repetition.

5.2 Processing performance

On a single GPU with up to eight worker threads,
processing times fall in the “minutes to tens of
minutes” range for 15-66 page BMRs, instead
of multiple hours of manual QA review per doc-
ument. We observe that processing time is in-
fluenced more by layout complexity and image
density than by page count alone: a shorter but
heavily annotated packaging BMR can take longer
than a longer but cleaner tablet BMR. Parallel
chunk processing scales well up to the tested sizes;
extremely long documents (> 150 pages) stress
cross-chunk context, as discussed below.

6 Discussion and Future Work

Impact for industry. The workflow directly ad-
dresses a common bottleneck in pharmaceutical
manufacturing: converting unstructured, paper-
based BMRs into digital assets that can be
searched, analyzed, and reused. By preserving
the domain-specific hierarchy and critical seman-
tics, the system produces outputs that can feed into
quality dashboards, deviation trending, yield in-
vestigations, and technology transfer, while still
allowing QA teams to remain in control through
confidence scores and review queues.

Limitations. The main technical limitations re-
late to: (i) document quality, particularly older
scans with heavy handwriting and stamps, where
OCR and vision models set an upper bound on
achievable fidelity; (ii) cross-chunk reasoning, es-
pecially when deviation narratives and corrective
actions span many pages and chunk boundaries;
and (iii) coverage of local notation and abbrevia-



Table 1: Extraction quality and coverage metrics across three real-world BMRs.

Metric Category Encapsulation Sharp Packaging Metformin HCI
BMR (%) BMR (%) Tabs BMR (%)
Coverage Metrics
Crude Word Coverage 71.33 54.19 67.00
Context-Aware Coverage 94.12 96.00 93.49
Reference Coverage 80.00 100.00 95.00
Structural Integrity
Hierarchy Preservation 100.00 100.00 100.00
Sequence Preservation 100.00 100.00 100.00
Cross-Reference Integrity 100.00 100.00 100.00
Content Fidelity
Calculation Fidelity 100.00 100.00 100.00
Conditional Logic 100.00 100.00 100.00
Unit Fidelity 100.00 100.00 100.00
Step Accuracy 82.72 75.09 80.25
Document Characteristics
Unique Step Types Identified 3 7 7
Composite Confidence Score 89.00 82.08 88.77
tions, which vary by site and product. These fac-  dation.
tors mostly affect step-level accuracy and refer-
ence coverage, rather than high-level hierarchy or
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Appendix

A Complete TypeScript Schema
Template

class Field {

type FieldType = "text" | "numeric" | "
date" | "choice" |
"pass_fail" | "
timestamp" | "boolean";

type: FieldTypell];
value: any;
constructor (type:
any) {
this.type = type;

FieldTypel[], value

this.value = value;

}

class Header {
completion_date: Field;
expiry_date: Field;
name: Field;
quantity: Field;
sku: Field;
start_date: Field;

constructor () {
this.completion_date

new Field

(
["date"J 0
"The date the batch process
was completed"
)i
this.expiry_date

new Field(

["date"],
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"Expiration date of the
final product batch"
) i
this.name new Field(
["text"],
"Name of the batch record
template"
)i
this.quantity
["numeric"],
"The quantity or yield of
the final product"
)
this.sku new Field(
["text"],
"Stock Keeping Unit
identifier"
)i
this.start_date
["date"],
"Date when the batch process
started"
)i

new Field(

new Field(

}

class Content {
type: "paragraph" |
"numbered_list" |
"note" | "warning"
instruction” | "data_form" |
"calculation" | "table"
image";
text: string;
items?: stringl];
fields?: {
label:

"bullet_list" |
| n

| n

string;
value: string |
unit?: string;
limits?: string;
notes?: string;
PO1G
calculation?: {
formula: string;
variables: {
name: string;
description:
value?: any;
unit?: string;
PL1;
result?: {
value:
unit?:

null;

string;

any;
string;
}i
notes?: string;
}i
headers?:
rows?:

stringl[];
any[1[];
}

class Step {
id: string;
phase_id: string;
group_id: string;
step_name: Field;
step_type: Field;
content: Content([];

}

class Phase {
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id: string;
group_id: string;
phase_name: Field;
}
class Group {
id: string;
group_name: Field;

B Extraction Prompts

B.1 First Chunk Prompt

Listing 2: Prompt Template for Initial Chunk

Please convert the following
manufacturing batch record
(chunk {chunk_number} of {total_chunks})
into a structured
JSON format according to the provided

template.
Input:
- Manufacturing Batch Record: {mbr}
- Template Structure: {template}

Requirements:

1. Generate a complete,
strictly follows
proper JSON syntax
2. Your JSON MUST contain separate top-

level arrays for
groups, phases, and steps:

{

valid JSON that

"header": {general information
about the document},

"groups": [array of Group objects
Is

"phases": [array of Phase objects
Is

"steps": [array of Step objects]

}

3. Do NOT nest phases inside groups or
steps inside phases

4. CRITICAL JSON SYNTAX REQUIREMENTS:
a) Use only valid JSON syntax - NO
JavaScript functions
b) Do NOT use TypeScript class
initialization syntax
c) For empty arrays, use
0)
d) Ensure all table rows have the
same number of columns

5. Each object must include ALL fields
defined in its class

6. Include ALL relevant information from

the batch record

7. IMPORTANT: When encountering text
from images (indicated
by "[Image Text: o] WY
content objects with
type "image" and place the extracted
text in "text" field

[]

not Array

create

Wrap your response in <json></Jjson> tags
as follows:
<json>

{

"header": {...

"groups": [...

"phases": [...

"steps": [...]
}

</Jjson>

Ensure your JSON is fully parsable - no
syntax errors,

unclosed brackets, or trailing commas.

C Example Input and Output

C.1 Sample Input Markdown (Partial)

Listing 3: Example BMR Markdown Input

# BATCH MANUFACTURING RECORD
**Product:+xx Acetaminophen Tablets 500mg
**Batch Number:xx AT-2024-0156
**Manufacturing Date:xx 2024-03-15

## EQUIPMENT REQUIRED

| Equipment | ID Number |
Due |

|- |- |- |

| V-Blender | VB-105 | 2024-04-20 |

| Tablet Press | TP-203 | 2024-05-15 |

| Metal Detector | MD-089 | 2024-03-30 |

Calibration

## PROCESSING INSTRUCTIONS

### Phase 1: Material Preparation
**Step l:*x Weigh acetaminophen powder
- Target weight: 50.0 kg +/- 0.5 kg

— Actual weight: kg

— Performed by: Date:

**xStep 2:%% Screen acetaminophen through
20 mesh

— Pass all material through screen

— Record any retained material:
9

- [Image Text:
showing

20 mesh screen positioned above

collection bin]

Screening setup diagram

### Phase 2: Blending
**Step 3:xx Load materials into V-
blender

— Add screened acetaminophen

— Add microcrystalline cellulose:
- Blending time: 15 minutes

— Blender speed: 12 rpm

5.0 kg

+**Calculation:** Theoretical Yield

Formula: (Acetaminophen + Excipients) x
0.98

Variables:

— Acetaminophen weight: 50.0 kg

- Total excipients: 7.5 kg

Expected yield: 56.35 kg

Acceptable range: 95.0% - 103.0%
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C.2 Expected JSON Output Structure




Listing 4: Example Structured JSON Output

"header": {
"completion_date":
date"], "value": null},
"expiry_date": {"type":
"1, "value": null},
"name" . { "type n .
"value":
Tablets 500mg"},
"quantity": {"type":
"], "value": null},
"sku": {"type":
": "AT-2024-0156"},
"start_date": {"type":
"value": "2024-03-15"}
b
"groups": [

{

{"type": ["
["date

["text"],
"Acetaminophen

["numeric

["teXt"J , "value

["date"],

llidll: "group71",
"group_name": {"type": ["
text"], "value": "Processing"}
}
I
"phases": [
{
lYid": "phase_l"’
"group_id": "group-1",
"phase_name": {"type": ["
text"],
"value": "
Material Preparation"}
}o
{
llid": "phase_zll,
"group_id": "group-1",
"phase_name": {"type": ["
text"], "value": "Blending"}
}
1,
"steps": [
{
llid": "Step_l",
"phase_id": "phase-1",
"group_id": "group-1",
"step_name": {"type": ["text
ll] ,
"value":
acetaminophen powder"},
"step_type": {"type": ["
numeric"], "value": null},
"content": [

{

"Weigh

"type" H
"text":

measurement form",
"fields": [

{

"data_form",
"Weight

"label": "
Target weight",

"value":
"50'OM

"unit": "kg

n
14

"limits":
"+/- 0.5 kg"
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"label": "
Actual weight",
"value":
null,
llunitll: llkg"
}
1
}
]
b
{
"id": "Step_z",
"phase_id": "phase-1",
"group_id": "group-1",
"step_name": {"type": ["text
"] ,
"value": "

Screen acetaminophen through 20 mesh
n
by

"step_type": {"type": ["text
"1, "value": null},
"content": [
{
"type": "instruction
"
4
"text": "Pass all
material through screen"
o
{
"type" B llimage",
"text": "Screening

setup diagram showing 20 mesh \

screen positioned above collection bin"

}
]
}y
{

llid": "Step73",
"phase_id": "phase-2",
"group_id": "group-1",
"step_name": {"type": ["text
ll] ,
"value": "Load
materials into V-blender"},
"step_type": {"type": ["text
"], "value": null},
"content": [
{
"type": "bullet_list
Al
"text": "Materials
to add",
"items": [

"Add screened
acetaminophen",

"Add
microcrystalline cellulose: 5.0 kg"
]
by
{
"type": "calculation
4
"text": "Theoretical
Yield Calculation",
"calculation": {
"formula": " (
Acetaminophen + Excipients) x 0.98",
"variables": [

{




"name" :

"Acetaminophen",

description":
ingredient",

50.0,

"kg"

"Excipients",

description":
weight",

7.9,

"kg"

56.35,

"Weight of active
"value":

"unit":

"name" :

"

"Total excipient
"value":
"unit":

}

1,

"result": {
"value":

"unit": "kg"
by

"notes": "

Acceptable range: 95.0% - 103.0%"

}

}
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Abstract

Digitization of medical records often relies on
smartphone photographs of printed reports, pro-
ducing images degraded by blur, shadows, and
other noise. Conventional OCR systems, op-
timized for clean scans, perform poorly un-
der such real-world conditions. This study
evaluates compact multimodal language mod-
els as privacy-preserving alternatives for tran-
scribing noisy clinical documents. Using ob-
stetric ultrasound reports written in regionally
inflected medical English common to Indian
healthcare settings, we compare eight systems
in terms of transcription accuracy, noise sen-
sitivity, numeric accuracy, and computational
efficiency. Compact multimodal models con-
sistently outperform both classical and neural
OCR pipelines. Despite higher computational
costs, their robustness and linguistic adaptabil-
ity position them as viable candidates for on-
premises healthcare digitization.

1 Introduction

Digitization of clinical records increasingly relies
on ad-hoc, camera-based document capture rather
than controlled scanning in many settings (Mosa
et al., 2012; Nettrour et al., 2019; Walters et al.,
2024). In busy healthcare environments, particu-
larly in obstetrics, where large volumes of reports
are produced daily, clinicians often photograph
printed documents with smartphones to save time
and streamline workflows. These images, while
convenient, are frequently degraded by blur, un-
even illumination, shadows, or physical wear, pos-
ing major challenges for text extraction. Robust
optical character recognition (OCR) under noisy,
real-world conditions is essential for searchable
electronic records and downstream analytics, par-
ticularly in settings where privacy, governance, and
institutional constraints limit third-party cloud pro-
cessing and where locally deployable, self-hosted
pipelines are practical (Neveditsin et al., 2025a;
Fisher et al., 2025).
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Beyond immediate clinical use, effective OCR
on low-quality images can unlock the vast potential
of digitizing archived printed medical documents.
Many institutions hold years of legacy reports that
remain in paper form, limiting their accessibility
for research, auditing, or longitudinal analysis. Ac-
curate text extraction from photographed pages en-
ables rapid conversion of these archives into struc-
tured, machine-readable data, supporting evidence-
based medicine and secondary data use without
extensive manual transcription.

Traditional OCR engines such as Tesseract often
underperform on handheld captures. In contrast,
recent advances in multimodal language models
(MLLMs), which couple vision encoders with lan-
guage decoders, have shown the emerging ability
to transcribe text directly from images, potentially
bypassing the need for brittle segmentation and pre-
processing stages. Yet the reliability of compact,
locally deployable MLLMs (up to 14B parameters)
for document transcription in clinical contexts re-
mains underexplored.

To address this gap, we conduct a systematic
evaluation of traditional OCR, neural OCR, and
compact multimodal systems on a private corpus
of photographed obstetric ultrasound reports. We
assess transcription quality using Character Error
Rate (CER), Word Error Rate (WER), and numeric
accuracy. Our analysis is guided by four research
questions:

* RQ1: How do compact multimodal language
models compare with traditional and neural
OCR systems in accurately transcribing noisy
clinical images?

RQ2: How does document noise affect tran-
scription accuracy across OCR pipelines and
MLLMs, and which no-reference image qual-
ity assessment metrics best predict perfor-
mance degradation?
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* RQ3: Do multimodal models preserve nu-
meric accuracy when used as OCR engines in
clinical data?

* RQ4: What are the computational and de-
ployment trade-offs for on-premises, privacy-
constrained use?

By jointly examining accuracy, noise sensitivity,
and computational footprint, this study evaluates
whether compact MLLMs can serve as practical,
privacy-preserving OCR alternatives for healthcare
document digitization.

2 Related Work

OCR in Noisy Clinical Settings. Classical en-
gines such as Tesseract (Smith, 2007) rely on page
segmentation and character models that are highly
sensitive to blur, low contrast, and uneven illumi-
nation, conditions common in handheld captures
of printed medical reports (Ul-Hasan et al., 2016).
While targeted preprocessing can help, assump-
tions of uniform lighting and clean edges often do
not hold in practice.

Modern page-level pipelines like PaddleOCR
(Cui et al., 2025) and docTR (Mindee, 2021) in-
tegrate a learned text detector with a neural rec-
ognizer, avoiding explicit binarization and gen-
erally improving robustness over classical OCR.
These systems still depend on accurate detection
and reading-order reconstruction, and performance
might degrade with strong blur or compression.
Layout-aware stacks such as Surya (Paruchuri and
Team, 2025) extend this paradigm with built-in
reading order and table extraction, aligning better
with end-to-end document parsing needs in clini-
cal workflows. Advanced end-to-end variants like
GOT-OCR 2.0 (Wei et al., 2024) push toward uni-
fied OCR by integrating transformer-based vision
encoding and language decoding in a single model,
eliminating the need for modular stages.

General-purpose compact MLLMs (e.g., Qwen-
2.5-VL, Phi-4 MM, InternVL) (Bai et al., 2023;
Microsoft, 2025; Wang et al., 2025) can read text
while reasoning over document layout and content.
However, evidence of robustness on noisy, smart-
phone captures of clinical material is limited (Na-
gaonkar et al., 2025); most training/evaluation still
targets synthetic or well-scanned inputs. This moti-
vates our evaluation of compact MLLMs alongside
dedicated OCR pipelines on obstetric report im-
ages.
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Image Quality and Noise Estimation. To quan-
tify readability, no-reference image quality as-
sessment (NR-IQA) metrics can serve as prox-
ies for noise levels, providing a practical means
of estimating input degradation that may affect
noise-sensitive OCR systems. General-purpose
metrics such as BRISQUE (Mittal et al., 2012),
NIQE (Mittal et al., 2013), and PIQE (Venkatanath
et al., 2015) capture perceptual distortion in nat-
ural images. Specialized document IQA (DIQA)
approaches predict OCR accuracy directly from
documents (Kang et al., 2014; Burie et al., 2015).
More recent work includes DeQA-Doc (Gao et al.,
2025), which employs multimodal vision-language
models to estimate document quality. We examine
how well off-the-shelf NR-IQA and DIQA met-
rics track OCR/MLLM performance in our clinical,
smartphone-captured setting, where degradations
(blur, shadows, compression) differ from natural-
image assumptions.

3 Methodology

3.1 Problem Statement

The primary goal of this study is to evaluate
whether compact MLLMs (up to 14 B parameters)
can serve as practical alternatives to both traditional
OCR systems and neural pipelines for transcribing
noisy clinical document images. We formalize the
task as image-to-text transcription: given an input
document image I, produce a textual output T that
closely matches the reference transcription 7" in
terms of character- and word-level edit distance.

3.2 Data Description

The full dataset comprises 340 anonymized ob-
stetric ultrasound reports collected from a clinical
partner in India. These reports are routinely gener-
ated as part of obstetric imaging workflows, where
printed summaries of ultrasound examinations are
attached to patient charts and then photographed
with mobile phones for inclusion in hospital in-
formation systems or for clinician-to-patient com-
munication via secure messaging. This pragmatic
capture workflow, while efficient, introduces sub-
stantial variability in image quality. All reports
were originally printed on paper and subsequently
photographed under real-world clinical conditions.
Common noise factors include (i) blur, (ii) rota-
tion, (iii) uneven illumination or shadow gradients,
(iv) reverse-side text bleed-through, and (v) back-
ground texture interference, as illustrated in Ap-



pendix A.

To enable detailed quantitative evaluation, we
uniformly sampled 60 documents at random from
the 340-report corpus for manual transcription and
noise annotation, balancing annotation effort with
coverage of typical capture conditions. Appendix A
shows that this 60-document subset is compara-
ble to the full corpus in terms of image-level
noise indicators, resolution, and file-size distribu-
tions (standardized mean differences |d| < 0.20;
Welch’s unequal-variance t-tests, all p > 0.20).
Appendix B details the noise-annotation procedure
conducted by three trained annotators following
a standardized protocol. Krippendorff’s o (ordi-
nal) ranged from 0.62 (blur) to 0.85 (illumina-
tion/shadows), indicating moderate to substantial
inter-annotator agreement across the five noise in-
dicators.

Linguistic Style. In addition to visual noise, the
reports exhibit region-specific phrasing typical of
Indian medical English, such as “cardiac activity is
appreciated” or “liquor is adequate”, which differ
from North American conventions (e.g., “cardiac
activity is present”). These expressions are seman-
tically equivalent but stylistically distinct, and may
challenge models whose language priors are trained
primarily on Western clinical corpora.

3.3 Models and Pipelines Used

Our goal was to compare options that practition-
ers can realistically deploy in on-premises clini-
cal settings, spanning the major design choices
in document OCR: classical OCR, modular neural
pipelines with learned detectors, unified end-to-end
OCR, and compact multimodal LLMs (MLLMs)
that read text directly from images. Selections
were guided by (i) widespread use in production or
open ecosystems, (ii) public checkpoints with re-
producible inference, and (iii) feasibility on a single
workstation GPU or CPU. We intentionally focus
on compact MLLMs (4-14B) rather than frontier
models to reflect real latency/VRAM constraints.
We evaluated eight systems across four fami-
lies: (i) Classical OCR baseline: Tesseract, which
performs page segmentation and line-level recog-
nition with LSTM decoding and no learned detec-
tor. (ii) Modular neural OCR: docTR, PaddleOCR,
and Surya. These systems pair a learned text de-
tector with a neural recognizer! (iii) End-to-end

'Surya is a layout-aware neural stack; we restrict it here to
page-level text extraction.
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OCR model: GOT-OCR 2.0, which integrates trans-
former vision encoding and language decoding in
a single compact model, targeting diverse page
content without modular stages. (iv) Compact
MLLMs: Qwen-2.5-VL (7B), Phi-4 MM (14B),
and InternVL3.5 (4B), selected to cover a 4B-14B
size range and architecture variations.

All systems received identical whole-page RGB
images (no binarization, denoising, or cropping).
MLLMs were prompted with: “You are perform-
ing OCR on this document. Transcribe all visible
text verbatim as plain text”. Further details on
experimental setup are provided in Appendix C.

3.4 Evaluation Metrics

Performance was evaluated using standard word-
and character-level error rates (WER and CER),
computed as normalized edit distances between
model outputs and gold transcriptions. To capture
clinically relevant precision, we further computed
a numeric accuracy rate (Ngc.), defined as the pro-
portion of numerical tokens in the reference text
that are reproduced identically in the model output.
Let G = {g1, ..., 9m} denote the set of numeric
spans extracted from the gold transcription and
P = {pi1,...,pn} those extracted from the pre-
diction. After aligning G and P using a greedy,
order-preserving sequence matcher, numeric accu-
racy is given by:

1{ (9i,pi) | 9i = pi }|
Nacc: .
G|

That is, N represents the fraction of numeric
spans in the reference text that are reproduced ver-
batim, serving as a sensitive indicator of clinical
reliability. Further details on evaluation protocol
are provided in Appendix C.

4 Results

This section presents findings addressing the four
research questions introduced in Section 1. All
metrics are reported with bootstrap 95% confi-
dence intervals (10,000 resamples) unless other-
wise noted. For Spearman rank correlations, we
report raw p-values together with the corresponding
FDR-adjusted g-values obtained via the Benjamini-
Hochberg (BH) procedure.

4.1 RQI1: Comparative Accuracy of OCR and
Multimodal Models

Table 1 reports mean WER and CER for all sys-
tems evaluated on the 60 manually transcribed ul-



trasound reports.

Model CER (95% CI) WER (95% CI)
Classical OCR

Tesseract 0.189 (0.132,0.253) 0.276 (0.217, 0.339)
Neural OCR Pipelines

PaddleOCR 0.111 (0.084, 0.150) 0.183 (0.155, 0.219)
docTR 0.108 (0.081, 0.141) 0.173 (0.146, 0.205)
Surya 0.135 (0.081, 0.202)  0.220 (0.160, 0.291)
End-to-End Neural OCR

GOT-OCR 2.0 0.101 (0.074,0.139)  0.395 (0.333, 0.463)

Compact Multimodal LLMs

InternVL-3.5-4B  0.040 (0.025, 0.064)
Phi-4 MM 0.035 (0.018, 0.063)
Qwen-2.5 VL 0.031 (0.023, 0.040)

0.096 (0.078, 0.121)
0.075 (0.054, 0.105)
0.078 (0.065, 0.093)

Table 1: Mean Character Error Rate (CER) and Word
Error Rate (WER) with 95% confidence intervals for
each system on the evaluation set (lower is better). Best
result per column is in bold. Models are grouped by
class.

To assess overall performance differences with-
out assuming a fixed baseline, we applied the
Friedman test to per-document CER and WER
values (N=60, k=8). The test revealed a signifi-
cant effect of model type for both metrics (CER:
Y2F = 251.96, p < 0.01; WER: \>F = 281.55,
p < 0.01), confirming that not all systems perform
equally. Subsequent pairwise comparisons were
conducted using the Nemenyi post-hoc procedure,
and the resulting mean-rank distribution is shown
in Figure 1.

CER

Phi-4 MM
Qwen-2.5 VL
InternVL-3.5-4B
Surya

docTR

GOT-OCR 2.0

Tesseract

PaddleOCR

6.28

N
w
IS
«
o
~
®

1 2 3 4 5 6 7 8 1
Average rank (lower is better)

Figure 1: Critical-difference diagram of mean ranks
computed from per-document CER and WER values.
Lower ranks indicate better performance.

The Nemenyi post-hoc analysis (CD = 1.36 at
a = 0.05) reveals a clear stratification across both
CER and WER. The three compact MLLMs form a
top-performing group. All remaining systems show
statistically indistinguishable performance within
a lower tier in terms of CER, confirming that mul-
timodal language models achieve a distinct and
consistent advantage over traditional and neural
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OCR pipelines. Notably, GOT-OCR 2.0 exhibits
inflated WER despite relatively low CER. Man-
ual inspection attributes this gap to inconsistent
space handling: the model occasionally collapses
or inserts spurious spaces, degrading word-level
alignment while preserving character-level accu-
racy.

4.2 RQ2: Noise Characterization and Model
Robustness

To assess model sensitivity to image noise, we com-
puted per-model Spearman correlations between
CER and five manually annotated noise indicators:
(1) blur, (ii) rotation, (iii) uneven illumination or
shadows, (iv) reverse-side text bleed-through, and
(v) background texture interference. The resulting
correlation matrix is shown in Figure 2.

GOT-OCR 2.0 -

InternVL3.5 - 0.5

0.4
PaddleOCR - P

q
0.3

Phi-4 MM -
0.2

Spearman p

Qwen-2.5 VL - g 0.1

-0.23 10 .25 0.40* 0.07 0.0
Surya-  p=0.074 p=0453 p=0.053 P =0.001 p=0.586
q=0.328 q=0876 q=0.265 q=0.019 q=0913

0.56*

Tesseract p < 0.001

-0.2

-0.
docTR-  p
q

*BHq =005

Figure 2: Per-model correlations between OCR char-
acter error rate and noise indicators after Benjamini-
Hochberg correction for multiple comparisons. Rows
correspond to OCR models and columns to noise met-
rics. Each cell reports Spearman’s p with the corre-
sponding raw p-value and FDR-adjusted g-value; aster-
isks mark correlations significant at ¢ < 0.05. Warmer
colors indicate stronger positive associations, while
cooler colors denote negative correlations.

Noise effects vary substantially across models.
Classical and neural OCR pipelines exhibit distinct
sensitivities: Tesseract shows strong correlations
with blur and illumination or shadow gradients,
while docTR is highly sensitive to rotation artifacts.
Surya displays significant vulnerability to reverse-
side text bleed-through, and GOT-OCR 2.0 shows
moderate correlation with this type of noise. In
contrast, compact MLLMs, along with PaddleOCR,
demonstrate low and largely insignificant correla-
tions, indicating robustness to the common distor-



tions present in handheld captures.

Manual inspection of the top-five high-CER doc-
uments per model supports these patterns: Surya
and GOT-OCR 2.0 frequently fail on bleed-through
pages, docTR on rotated or skewed layouts, and
Tesseract on blurred or shadowed text regions. Oc-
casionally, MLLMs misalign with the gold tran-
scriptions when background text from another doc-
ument is visible; human annotators excluded such
text from the references, whereas the multimodal
models tended to transcribe it, reflecting their
broader visual context capture rather than true noise
sensitivity. Similar correlation trends for WER are
provided in Appendix D.

NR-IQA Metrics vs. Manual Noise Annotations.
Figure 3 compares five NR-IQA metrics against
the manually annotated noise dimensions.

Spearman p

0.0
045+ 0.12 0.34%
Lapl. Var. (Inv) p <0.001 p=0362 p=0.008
q=0.008 q=0561 q=0.046 —01

0.32% 0.20 0.32¢ 0.2
p=0.012 =0,
q=0.046 q=0266

— DeQA-Doc -0.2

*BHq = 0.05

Figure 3: Correlations between no-reference image qual-
ity assessment (NR-IQA) metrics and manually anno-
tated noise indicators. Rows correspond to NR-IQA
metrics and columns to noise dimensions.

Among these, inverse Laplacian variance shows
the strongest and most consistent associations, cor-
relating positively with perceived blur and back-
ground interference. Negated DeQA-Doc? also
aligns well with human ratings, particularly for
illumination or shadow gradients, blur, and back-
ground noise. NIQE and BRISQUE exhibit sig-
nificant correlations with illumination or shadow
gradients, while PIQE shows no meaningful align-
ment with the annotated dimensions. For readers
interested in correlations between CER/WER and
NR-IQA metrics, additional analysis is provided in
Appendix D.

2We negate DeQA-Doc because higher DeQA-Doc scores
correspond to better quality of a document.
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4.3 RQ3: Numeric Accuracy

As shown in Table 2, MLLMs achieve over 92%
numeric accuracy, substantially higher than other
systems. Appendix E provides additional details on
numeric accuracy with Nemenyi post-hoc analysis
confirming that numeric accuracy is highest and
statistically cohesive for the MLLMs.

To disentangle numeric accuracy from aggre-
gate errors, we examine per-document associations
between N, and CER/WER, including partial
correlations that control for numeric density (w,
the proportion of characters that are numeric) and
document length (L, the total number of charac-
ters in the document). As summarized in Table 3,
most systems exhibit strong negative correlations
between numeric accuracy and CER/WER, indicat-
ing that documents with corrupted numbers also
tend to have higher overall error rates.

Table 2: N,.. across all models, with 95% confidence
intervals.

Model Nace 95% CI

docTR 0.884 [0.842, 0.921]
GOT-OCR 2.0 0.832  [0.756, 0.900]
PaddleOCR 0.674  [0.620, 0.726]
Surya 0.821 [0.778, 0.860]
Tesseract 0.756  [0.677,0.831]
InternVL-3.5-4B  0.927 [0.889, 0.959]
Phi-4 MM 0.944  [0.907, 0.974]
Qwen-2.5 VL. 0.950 [0.914, 0.979]

In contrast, the multimodal language models
and docTR show no significant associations af-
ter controlling for w and L, suggesting that nu-
meric content is largely preserved while residual er-
rors are predominantly non-numeric. Notably, the
best-performing model numerically, Qwen-2.5 VL,
demonstrates near-zero correlations, confirming its
robustness in retaining numerical accuracy indepen-
dently of overall transcription quality. Additional
analysis on correlation between N,.. and noise
indicators is provided in Appendix E.

4.4 RQ4: Computational and Deployment
Considerations

Table 4 summarizes latency and memory usage
over 60 test images. Appendix C provides details
on hardware and software stack used for experi-
ments.

The evaluation underscores tradeoffs in OCR
systems for on-premises clinical environments, em-
phasizing accuracy, efficiency, and resource de-
mands. Compact MLLMs deliver superior perfor-



Table 3: Association between numeric accuracy (Naec)
and WER/CER (per-document Spearman p). Partial cor-
relations control for numeric density w and document
length L.

CER WER
Model Spearman Partial | w,L Spearman Partial | w,L
Classical OCR
Tesseract —0.594* —0.674% —0.646* —0.688%
Neural Systems
docTR —0.188 —0.149 —0.284* —0.243
PaddleOCR —0.464* —0.493* —0.647* —0.608™
Surya —0.458* —0.444* —0.442* —0.447*
GOT-OCR 2.0 —0.580* —0.696™ —0.521% —0.666™
MLLMs
InternVL-3.5-4B —0.239 —0.009 —0.298* —0.204
Phi-4 MM —0.224 0.025 —0.286* —0.150
Qwen-2.5 VL —0.043 0.046 —0.113 —0.155
*p<0.05; (no star) p>0.05. Partial: Spearman residual

correlation after regressing on w and L.

Table 4: Average runtime and memory footprint across
60 test images. Runtime and memory are reported as
mean + SD. GPU memory denotes peak CUDA al-
location; RAM refers to system memory used during
preprocessing and inference.

Model Runtime (s/img) GPU Mem. (GiB) RAM (GB)
docTR 0.81 +0.33 1.04 5.34
GOT-OCR 2.0 4.87 £2.30 7.33 6.76
PaddleOCR 14.14 £ 3.89 — 1.00
Phi-4 MM 66.79 + 38.32 47.11 7.25
Qwen-2.5 VL 54.89 + 33.80 18.34 8.70
InternVL-3.5-4B 11.13 £5.04 16.75 7.10
Surya 1.66 + 0.80 3.84 8.51
Tesseract 0.63 +0.49 — 3.01

mance but require substantial GPU resources and
longer runtimes (11-67 s/img), with Qwen and
InternVL needing only around 17-18 GiB (fea-
sible with 20 GB GPUs) while achieving accu-
racy comparable to Phi-4 MM, making them vi-
able for clinics prioritizing precision despite the
hardware needs. Phi-4 MM, in particular, ex-
hibits notable GPU memory variance (not shown
in the table), consistent with its single-decoder
architecture that mixes visual and textual tokens
in one context (Microsoft, 2025), thus is not
recommended for resource-constrained environ-
ments. Neural OCR pipelines like docTR (run-
time: 0.81 s/img, 1.04 GiB GPU) and PaddleOCR
(CPU-only, 14.14 s/img, 1.00 GB RAM) balance
moderate accuracy with efficient resource use for
general tasks, while Surya (1.66 s/img, 3.84 GiB
GPU) offers a similar middle ground. In contrast,
the evaluated end-to-end model, GOT-OCR 2.0,
showed significantly lower word-level accuracy in
this setting, indicating inconsistent performance
under noisy conditions. Classical OCR such as
Tesseract (0.63 s/img, no GPU, 3.01 GB RAM) re-
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mains a strong baseline, often competitive with the
evaluated neural OCR pipelines when speed and
minimal computational resources are paramount.

5 Discussion

Compact multimodal LLMs outperformed classi-
cal and neural OCR pipelines on 60 noisy obstetric
ultrasound reports, achieving the lowest CER and
WER while preserving over 92% numeric accu-
racy, with no significant partial correlation between
numeric accuracy and aggregate errors after con-
trolling for numeric density and document length.
In contrast, non-MLLM systems showed numeric
accuracy that degraded alongside overall transcrip-
tion quality, increasing high-risk correction burden
in clinical workflows.

Noise sensitivity was pronounced in Tesseract
(correlating with blur, shadows, and NR-IQA met-
rics), but minimal in MLLMs, highlighting their
robustness. Qualitatively, MLLMs occasionally
transcribed excluded background text, suggesting
potential for masks or filters to enhance deploy-
ment. Modern NR-IQA metrics are only partially
suitable for evaluating document noise and can be
a part of low-resource pipelines for document triag-
ing when using classical pipelines like Tesseract
that are sensitive to illumination, shadow, and blur,
but they cannot consistently capture more specific
noise like bleed-through text, rotation, and text in
background.

Measured VRAM consumption peaks demon-
strate that computational requirements for high-
performing MLLMs like Qwen-2.5 VL and
InternVL-3.5-4B are accessible with consumer-
grade GPUs offering ~20GB VRAM, unlocking
on-premises, privacy-preserving high-quality OCR
for clinical environments.

Conclusion

Overall, compact MLLMs offer viable privacy-
preserving OCR for on-premises clinical use,
balancing accuracy and cost. Future work in-
cludes structured field extraction from OCR out-
puts (Neveditsin et al., 2025b), layout improve-
ments, and uncertainty-based review loops.

Ethics Statement

This study was approved by the institutional Re-
search Ethics Board and conducted in full com-
pliance with institutional and national research
ethics guidelines. All obstetric ultrasound reports



were de-identified, with patient identifiers removed.
Model weights and inference pipelines were de-
ployed entirely on-premises, and no commercial or
cloud-based OCR APIs were used. These measures
ensured that both data handling and computation
adhered to privacy regulations. While the orig-
inal clinical data cannot be publicly shared due
to privacy restrictions, a reproducibility package
containing the codebase and experiment results is
available at: https://github.com/neveditsin/
eacl_ind_ocr.

Limitations

Core quantitative evaluation relies on a manually
transcribed subset of 60 reports, which may not
capture the full variability of real-world clinical
documents. The corpus is single-domain (obstetric
ultrasound) and region-specific (Indian medical En-
glish), which may limit direct portability to other
document types, languages, and clinical settings.
We focus on page-level transcription; richer layout
preservation and table extraction were not primary
endpoints. Finally, computational measurements
reflect a single hardware/software stack, and abso-
lute latencies may vary across deployments.
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A Dataset Details

A.1 Example Noise Conditions in the Dataset

Common noise factors in handheld document cap-
tures include (i) motion blur, (ii) uneven illumi-
nation or shadow gradients, (iii) compression arti-
facts, (iv) reverse-side text bleed-through, and (v)
background texture interference. Representative
examples from our dataset are shown in Figure 4.

A.2 Noise Metric Comparison: Full Dataset
vs. Sampled Subset

Because the 60 manually transcribed reports are
a subset of the full corpus, we focus on practical
representativeness rather than null-difference test-
ing. Table 5 summarizes the mean and standard
deviation of key noise metrics for both sets. Across
all metrics, standardized mean differences were
small (Cohen’s d, |d| < 0.20). For completeness,
Welch’s unequal-variance ¢-tests found no statisti-
cally detectable differences (all p > 0.20). Taken
together, the 60-document sample adequately re-
flects the noise profile of the full corpus.
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). 6 Wks 5 Days

A 2.0 cm anechoic cyst is seen in right ovary

No free fluid is seen in POD
Comments:

o Early intra uterine pregnancy of age- 6 Wks S Days

_(a) (i) Blur

199th Walled gestations) .

(b) (ii) Rotation
FINDINGS:

The gravid uterus shows smooth walled gestational sac
A yolk sac is seen.

Foetal pole is not evident yet

Decidual reaction is good.

No membrane separation is seen.

MSD - 0.63cms © D- 4 Wks 2 Days

CERVIX - 3.4cms

in right ovary.

cy of age- 4 Wks 2 Days

(c) (iii) Uneven illumination or shadow

FINDINGS:

The gravid uterus shows smooth walled gestational sac.
Af le is

ted. FHR- 144/bpm.
CRL = 6.9mm D- 6 Wks 4 Days
CERVIX - 3.0cms
No adenexal pathology seen
No free fluid is seen in POD.
Comments: -
e Early intra uterine pregnancy of age- 6 Wks 4 Days
« Delayed conception. USG EDD- 09/09/2025 - °

>

(d) (iv) Reverse-side text bleed-through

COMMENTS.

« Single intrauterine foetus
gestational age of 34 wks 3 days

in vertex presentation with average

b

(e) (v) Background texture interference

Figure 4: Representative document fragments showing
typical noise factors observed in the dataset. These
artifacts arise from handheld capture conditions.
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Table 5: Noise metric statistics for the full dataset vs.
sampled subset (mean £ SD).

Metric Full (n=340) Sample (n=60) p-value
BRISQUE 51.27 4+ 28.08 47.78 +22.03 0.247
PIQE 60.87 + 8.95 59.62 + 9.64 0.353
NIQE 7.51 £+ 1.67 7.48 £ 1.77 0.905
Laplacian Var. 8824.97 & 10106.56 7889.08 + 7972.03  0.204
DeQA-Doc 3.59 +0.21 3.62 +0.21 0.400

A.3 Image Resolution and File Size
Distribution

Table 6 reports descriptive statistics for image res-
olution, file size, and aspect ratio across the full
dataset and the evaluated subset. The distributions
are closely aligned across all metrics, indicating
that the 60-image sample is representative of the
overall dataset in terms of basic image characteris-
tics.

Table 6: Image size and resolution characteristics of the
dataset.

Full (n=340) Sample (n=60)

Width (px) 977 + 200 968 £+ 166
Height (px) 1235 £ 147 1237 £ 133
File size (kB) 97 £ 77 82+ 43

Aspectratio (H/W)  1.32+0.31 1.32£0.28

B Noise Annotation Details

Each document image was rated independently by
three annotators along five perceptual noise dimen-
sions: (i) blur, (ii) rotation, (iii) uneven illumination
or shadow gradients, (iv) reverse-side text bleed-
through, and (v) background texture interference.
Annotators assigned an integer score from 1 to 3
for each indicator, using the rubric below.

* 1 (Low / None): Artifact absent or negligible;
the document is easy to read.

* 2 (Moderate): Artifact present but localized
or mild; slight degradation, overall readability
preserved.

* 3 (High / Severe): Artifact clearly visible and
substantially affects document readability.

Annotators were instructed to rate each noise
type independently, ignoring co-occurring distor-
tions, and to rely on visual inspection without pre-
processing or enhancement. Prior to the main an-
notation phase, all annotators jointly reviewed ten
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representative images covering all five noise types
to calibrate their use of the scale.

To quantify inter-annotator reliability on this
three-point ordered scale, we computed Krippen-
dorff’s o with an ordinal distance function sepa-
rately for each noise indicator. As shown in Table 7,
values ranged from 0.62 to 0.85, indicating mod-
erate to substantial agreement across annotators,
with highest consistency for uneven illumination
and reverse-side text bleed-through.

Table 7: Inter-annotator agreement per noise indicator,
measured using Krippendorft’s « (ordinal).

Noise indicator Qlordinal
Background texture
interference 0.794
Blur 0.622
Reverse-side text
bleed-through 0.851
Rotation 0.657
Uneven illumination
or shadow gradients 0.809

For downstream analyses, we aggregated the
three annotator ratings for each document and in-
dicator by taking their arithmetic mean, yielding
one document-level noise score per indicator in the
range [1, 3]. These aggregated scores are the ones
used in all subsequent correlation experiments. Ta-
ble 8 summarizes the distribution of these scores
over the 60 annotated documents. On average, im-
ages exhibited moderate levels of noise (means be-
tween 1.26 and 1.48), with uneven illumination and
rotation appearing slightly more frequently than
background texture or bleed-through.

Table 8: Distribution of aggregated noise ratings across
the 60 annotated documents. Scores range from 1
(low/no noise) to 3 (high/severe).

Noise indicator Mean SD Min Max
Background texture

interference 1.26 0.50 1.0 3.0
Blur 1.39 050 1.0 3.0
Reverse-side text

bleed-through 127 055 1.0 3.0
Rotation 1.43 0.52 1.0 3.0
Uneven illumination

or shadow gradients 148 056 1.0 3.0

C Experimental Setup Details

All experiments were conducted within a secure
on-premises computing environment to ensure that
no clinical data or model weights were transmitted



Table 9: Software environment and model checkpoints
used.

Scope Component / Model Version or ID

3.10.12

2.8.0+cul28 (CUDA 12.8)
4.57.0

0.34.3

223

3.1.0

4.66.5

11.2.1

0.3.13

4.1.1 (leptonica 1.82.0)

3.3.0

ucaslcl/GOT-0CR2_0
Qwen/Qwen2.5-VL-7B-Instruct
microsoft/Phi-4-multimodal-instruct
OpenGVLab/InternVL3_5-4B
python-doctr 1.0.0

DB-ResNet50 (pretrained)
CRNN-VGG16-BN (pretrained)

Python

PyTorch

transformers
huggingface_hub

pandas

Jjiwer

tqgdm

Pillow (PIL)

pytesseract

Tesseract OCR
PaddleOCR (Python)
GOT-OCR 2.0 checkpoint
Qwen-2.5 VL checkpoint
Phi-4 MM checkpoint
InternVL-3.5-4B checkpoint
docTR (python-doctr)
docTR detector

docTR recognizer

OCR

Surya OCR 0.17.0
Python 3.10.12
PyTorch 2.8.0+cul28 (CUDA 12.8)
torchvision 0.23.0+cul28
OpenCV (cv2) 4.10.0
. . pyiga 0.1.14.1

Image metrics numpy 1264
pandas 223
Pillow (PIL) 11.2.1
tqgdm 4.66.5

DeQA-Doc model zhiyuanyou/DeQA-Score-Mix3

outside institutional boundaries. Inference work-
loads were executed on a workstation equipped
with an NVIDIA A100 80GB PCle GPU (80 GB
VRAM), dual-socket AMD EPYC 7552 proces-
sors (96 physical cores, 192 threads), and 1.0 TB
system RAM, running Ubuntu 22.04.3 LTS. Ta-
ble 9 summarizes the core software stack, library
dependencies, and model checkpoints used for both
OCR and image-quality assessment pipelines. All
experiments were implemented in Python 3.10
with PyTorch 2.8 and CUDA 12.8, using mixed-
precision inference (bfloat16) where supported.
Each model was evaluated via its official check-
point or inference API to ensure reproducibility
and comparability across frameworks.

OCR Engine Configurations

PaddleOCR Detector: PP-OCRv5_server_det;
Recognizer: en_PP-OCRv5_mobile_rec; Lan-
guage: en; Hardware: CPU; Options: text-line
orientation enabled; default English dictionary; no
custom lexicon.

Tesseract Version: 4.1.1; Language: eng; Flags:
——oem 1 (LSTM engine), ——psm 6 (single uniform
block of text); Dictionary: default; User resources:
no user words or patterns.

Evaluation protocol. All systems received iden-
tical, unprocessed RGB page images loaded with
PIL; no binarization or cropping was applied, so
each method used its native preprocessing. Model
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outputs were captured as UTF-8 text. Before scor-
ing, we normalized both references and hypothe-
ses with the following steps: (1) convert to lower-
case; (2) replace newlines and tabs with spaces; (3)
remove punctuation (ASCII + common Unicode
punctuation); and (4) collapse all whitespace (\s+)
to a single space and trim. We then computed CER
and WER with jiwer’s character- and word-level
metrics on the normalized strings.

Numeric spans were extracted from raw text be-
fore any normalization to preserve decimals, signs,
slashes, and hyphens using the regular expression
[+-1?\d[\d, ./-1* and aligned to compute nu-
meric accuracy rates.

Each model processed the 60-document eval-
uation subset, and for each image we recorded
wall-clock runtime (time.perf_counter), pro-
cess memory (psutil RSS), and GPU memory via
NVIDIA NVML (pynvml) when available, falling
back to torch.cuda.memory_allocated().

D Supplementary Noise Correlation
Analysis

Figure 5 presents per-model correlations between
word error rate and the five manually annotated
noise indicators. This analysis is provided for ref-
erence and complements the CER-based results
discussed in Section 4.2. Overall, the correlation
patterns closely mirror those observed for CER,
with classical and neural OCR systems showing
higher sensitivity to noise, while multimodal mod-
els remain largely unaffected by most noise factors.

D.1 Supplementary Correlation Between
NR-IQA Metrics and OCR Performance

Figures 6 and 7 summarize correlations between
OCR performance (CER and WER) and five NR-
IQA metrics across all systems.

Tesseract exhibits the highest sensitivity to im-
age degradation, showing strong and significant
CER correlations with BRISQUE, NIQE, Lapla-
cian variance, and DeQA-Doc (p up to 0.62, ¢ <
0.05), confirming that conventional OCR remains
tightly coupled to low-level image quality. Pad-
dleOCR presents moderate WER correlation with
NIQE (p = 0.44, ¢ = 0.007). By contrast, other
models show low and nonsignificant correlations
across all metrics. Overall, these results indicate
that NR-IQA metrics are most informative for pre-
dicting performance degradation in systems highly
sensitive to conventional image noise, such as blur
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lations significant at ¢ < 0.05. Warmer colors indicate Analysis
stronger positive associations, while cooler colors de-
note negative correlations. Numeric accuracy across models. The critical-

difference diagram (CD = 1.36; N=60) shows
clear stratification in Ncc.
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The compact MLLMs (Qwen-2.5 VL, Phi-
and illumination artifacts. However, they fail to 4 MM, InternVL-3.5-4B) form a top group with
capture more complex, setting-specific degrada-  indistinguishable average ranks. GOT-OCR 2.0
tions including rotation, bleed-through text, and  and docTR occupy an intermediate band: both are
background interference that often characterize  worse than the best MLLM (Qwen-2.5 VL) but not
real-world clinical documents. significantly different from Phi-4 MM or InternVL-
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3.5-4B. Tesseract and Surya cluster lower and are
significantly worse than the MLLMs; PaddleOCR
attains the lowest rank and is significantly worse
than the intermediate band (docTR, GOT-OCR 2.0)
and all MLLMs, while not distinguishable from
Tesseract and Surya. Overall, numeric accuracy is
highest and statistically cohesive for the MLLMs,
with GOT-OCR 2.0 bridging to the neural/classical
pipelines below.

Numeric Accuracy vs. Noise Indicators. Fig-
ure 9 summarizes the correlations between numeric
error (—Ny; 1.e., decreasing numeric accuracy)
and manually annotated noise dimensions. Over-
all, numeric accuracy remains largely stable across
noise types, with few significant associations after
Benjamini-Hochberg correction. Tesseract shows
the strongest sensitivity, with N,.. decreasing un-
der uneven illumination or shadows (p = 0.58,
q < 0.001), consistent with its known fragility to
lighting variation. Surya exhibits a significant de-
pendence on reverse-side text presence (p = 0.44,
q 0.010) consistent with overall WER/CER
trends for this system. All other systems show
no BH-significant correlations.
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Abstract

Digital footprints—records of individuals’ in-
teractions with digital systems—are essential
for studying behavior, developing personalized
applications, and training machine learning
models. However, research in this area is often
hindered by the scarcity of diverse and accessi-
ble data. To address this limitation, we propose
a novel method for synthesizing realistic digital
footprints using large language model (LLM)
agents. Starting from a structured user profile,
our approach generates diverse and plausible
sequences of user events, ultimately producing
corresponding digital artifacts such as emails,
messages, calendar entries, reminders, etc. In-
trinsic evaluation results demonstrate that the
generated dataset is more diverse and realistic
than existing baselines. Moreover, models fine-
tuned on our synthetic data outperform those
trained on other synthetic datasets when evalu-
ated on real-world out-of-distribution tasks.

1 Introduction

Digital footprints are the persistent records that
individuals leave behind when they interact with
digital systems — email threads, chat logs, calen-
dar appointments, purchase histories, sensor traces,
and more (Shiells et al., 2022; Kolawole and Rah-
mon, 2024).

Such traces fuel a wide range of downstream
applications: they enable fine-grained user model-
ing and personalization (Valanarasu, 2021; Vullam
et al., 2023), support behavioral and social-science
research (Golder and Macy, 2014; Padricelli and
Coppola, 2024), and provide large-scale supervi-
sion for data-hungry machine-learning pipelines
(Zhao et al., 2023).

Unfortunately, progress in this area is throttled
by data scarcity. Publicly available corpora cover
only slivers of human activity. For example, the
Enron email corpus (Klimt and Yang, 2004) cap-
tures a single company from the early 2000s. They
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also tend to focus on a single bundle — emails
(Mehdi Gholampour and Verma, 2023; Greco et al.,
2024), chat dialogs (Zhang et al., 2018; Suresh
et al., 2024; Jandaghi et al., 2024), transaction logs,
and so forth — failing to reflect the breadth of
modern digital life. Proprietary data are subject to
restrictive licenses, as raw digital footprints contain
highly sensitive personal information. Regulations
such as GDPR prohibit most forms of data shar-
ing, and even internal access is tightly controlled.
Anonymization alone is insufficient because rich
textual artifacts can be deanonymized with modern
LLMs (Panda et al., 2024).

Synthetic data generation offers a promising
workaround and has demonstrated success in train-
ing state-of-the-art LLMs (Grattafiori et al., 2024;
Qwen et al., 2025) and addressing tasks such as
mathematics (Yu et al., 2023), coding (Wei et al.,
2023), and general instruction following (Xu et al.,
2023; Li et al., 2024b). Current synthesis methods,
however, presume access to large seed dataset to
bootstrap diversity — an assumption that breaks
for digital-footprint data, where both public and
private sources are largely inaccessible.

To address these challenges, we introduce Per-
sonaTrace, a framework that synthesizes realistic,
multi-bundle digital footprints with the help of
LLM agents. PersonaTrace first creates persona
profiles from a pre-defined demographical distri-
bution. Given a profile, PersonaTrace simulates a
plausible sequence of everyday events (e.g., attend-
ing a conference, shopping online, planning a fam-
ily trip) and then generates the concrete digital arti-
facts that those events would leave behind (emails,
SMS exchanges, calendar entries, reminders, etc).

We assess PersonaTrace with intrinsic metrics
that quantify diversity and realism, and with extrin-
sic metrics that measure downstream utility. Specif-
ically, we fine-tune open-source LLMs on the syn-
thetic corpus and evaluate generalization on four
real-world, out-of-distribution benchmarks: email
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categorization, email drafting, question answering,
and next-message prediction. Across tasks, mod-
els trained on PersonaTrace achieve competitive or
superior results, compared to those trained on the
strongest prior synthetic datasets.
Our contributions are as follows:
* We present the first end-to-end method for syn-
thesizing complete digital footprints through
a persona-driven workflow that ensures coher-
ence and realism across user behaviors.

Our comprehensive evaluation demonstrates
that our dataset excels in both intrinsic proper-
ties such as diversity and realism, and extrin-
sic performance on downstream tasks.

* We release PersonaTrace, a high-fidelity syn-
thetic digital footprint dataset and accompany-
ing framework, to facilitate responsible future
research !,

2 Related Work

A key strategy for improving quality and diversity
for LLM-generated synthetic texts is to guide gen-
eration using different priors.

Seed—dataset priors. Several approaches gen-
erate synthetic data by expanding seed datasets,
such as conversational corpora (Jandaghi et al.,
2024), instruction-tuning training sets (Xu et al.,
2023; Huang et al., 2024; Li et al., 2024b; Gandhi
et al., 2024), or domain-specific problem sets (Yu
et al., 2023; Wei et al., 2023; Braga et al., 2024;
Huang et al., 2025; Khalil et al., 2025). However,
these methods are less suited for synthesizing dig-
ital footprints due to the lack of comprehensive
seed datasets that span multiple modalities (e.g.,
emails, messages). Publicly available datasets typi-
cally focus on a single modality (Klimt and Yang,
2004; Zhang et al., 2021; Li et al., 2017; Chee
et al., 2025), making it difficult to construct coher-
ent multi-modal user profiles.

LLM-only priors. Some approaches rely solely
on the generative capabilities of aligned LLMs
without using external seed data (Xu et al., 2024).
While attractive for open-weight checkpoints, com-
mercial APIs typically forbid blank turns or control
tokens, limiting its applications.
Intermediate-attribute priors. Some methods
guide data generation using intermediate attributes
such as knowledge taxonomies or persona descrip-
tions (Li et al., 2024a; Ge et al., 2025; Tang et al.,

'Data and code will be made available on request due to
privacy and legal concerns.
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2024; Frohling et al., 2024). However, existing
persona-based priors often emphasize professional
or academic traits, resulting in biased distributions
that do not reflect real-world user profiles and are
unsuitable for generating realistic digital footprints.

3 Methods

Our approach employs an agent-based architecture
built on LLM agents to simulate a realistic user
and their digital footprint. We design a three-stage
pipeline with specialized autonomous agents that
collaborate to generate synthetic data. First, a Per-
sona Agent constructs a detailed persona profile
from an initial user specification. Next, an Event
Agent expands this persona into a timeline of plau-
sible events tailored to the persona’s life. Finally,
an Artifact Generator Agent produces diverse digi-
tal artifacts (e.g., emails, text messages, calendar
entries, reminders, wallet passes) corresponding to
these events, with Critic Agents iteratively review-
ing the artifacts for consistency and realism. All
agents share the same underlying LLM (Gemini-
1.5-Pro with a temperature of 0.9) but are prompted
with role-specific instructions and constraints. Fig-
ure 1 shows the overview of our proposed frame-
work. Appendix C highlights prompts for each
agent.

3.1 Persona Generation

In the first stage, the Persona Agent synthesizes
a rich personal profile for the fictional user. We
begin by sampling a set of basic demographic at-
tributes from a predefined prior distribution (cov-
ering age, gender, locale, etc.) to ground the per-
sona in realism. The priors are estimated from
the 2022 American Community Survey (U.S. Cen-
sus Bureau, 2022) to ensure plausible macro-level
distributions. Given these attributes, the Persona
Agent composes a basic identity for the user. This
identity includes details such as name, age, gender,
birth date, ethnicity, income level, household setup,
and location. The Persona Agent then expands this
profile by generating a social network context. It
creates a list of key relationships (e.g., family mem-
bers, close friends, coworkers) and assigns each
connection basic characteristics (names, ages, rela-
tionship to the persona, etc.). To further enhance
realism, the Persona Agent outlines the persona’s
typical daily routines and major life events. It pro-
vides a weekday routine and a weekend routine that
reflect the persona’s lifestyle. It also enumerates
significant life events such as holidays, vacations,
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Figure 1: An overview of our methods. The Persona Agent generates a basic profile from a demographic prior, and
iteratively adding realistic attributes to it. The Event Agent retrieves seed events from the event memory and aligns
them to the persona, and brainstorms with self-reflection to generate an event forest that serves as the scaffolding
of the digital footprints. The Artifact Generator Agent and Critic Agents forms a loop - the Artifact Generator
Agent generates the outline and then digital artifacts, and the critic agents provides feedback to iteratively improve

the quality of the artifacts.

and personal milestones. The outcome of this stage
is a comprehensive persona profile that will inform
subsequent event generation.

3.2 Event Generation

Event memory. We equip the Event Agent with
an internal event memory M — a knowledge base
that stores concise descriptions of activities peo-
ple experience. To populate M, we begin with
PersonaHub (Ge et al., 2025) as the foundational
source, which consists of descriptions of various
personas. We then ask the Event Agent to brain-
storm plausible daily-life events that a persona in
PersonaHub might encounter. The combined list
is then pruned for near-duplicates with MinHash
LSH (Broder et al., 1998), yielding a diverse yet
compact collection that serves as the agent’s prior
knowledge of the world.

Persona-aligned retrieval. Given a persona pro-
file 7, the Event Agent retrieves a subset of seed
events from its memory M: it selects the 30
most semantically relevant entries via embedding
search?, samples 30 uniformly for diversity, and
synthesizes 40 fresh event prompts directly from 7.
The Event Agent then aligns each chosen seed
event with the persona’s details, modifying event
descriptions as needed to fit the persona. For exam-

*Embeddings are obtained from all-MiniLM-L6-v2.

ple, “attend an international conference on develop-
mental biology” — “attend an academic conference
on Al for science” if 7 describes a CS PhD student.

Recursive event expansion. The Event Agent
expands each aligned seed event into a tree of
sub-events, thereby constructing an event forest
F = {Ti,...,Tn} for the persona. Each seed
event serves as a root node in an event tree 7, and
the Event Agent autonomously decides whether
and how to branch that event into finer-grained sub-
events. Some events may remain atomic, while
others unfold into a sequence of related sub-events.
For instance, a travel-related root event like “at-
tend an academic conference on Al for science”
might be expanded into sub-events such as “prepare
poster” and “book flights”. Then, “book flights”
can be further expanded into “receive booking con-
firmation”, “get membership updates” and “receive
boarding pass”. The Event Agent generates these
sub-events with appropriate details and temporal
ordering, effectively narrating how the larger event
plays out. The Event Agent iterates breadth-first
until (1) no more sub-events are expanded or (2)
| F| exceeds 300 nodes, whichever comes first.

Event reflection. Moreover, the Event Agent re-
flects on each expanded event to ensure quality
and completeness. It verifies that the sub-events
provide sufficient detail, follow a logical structure,
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Dataset Pairwise Corr. () Remote-Clique (1)  Entropy ()  Avg. #Links  Avg. Length
FinePersonas-Email 0.2333 0.7680 2.8080 0.0000 681.50
IWSPA-2023-Adversarial 0.4079 0.5919 2.5094 0.0000 276.48

Synthetic ~ LLM-Gen Phishing 0.3094 0.6906 2.6969 0.2522 685.58
Synthetic-Satellite-Emails 0.5416 0.4586 2.8218 0.0000 1050.76
PersonaTrace (Proposed) 0.2093 0.7898 2.8305 0.2532 1437.87
Enron 0.2798 0.7218 2.7110 0.0000 2002.57
Human-Gen Phishing 0.1686 0.8334 2.9257 0.0020 333291

Real Private 0.2066 0.7957 2.8332 13.6970 10036.44
Private w/o Spam 0.2094 0.7893 2.7079 7.6918 5814.34
W3C-Emails 0.1796 0.8196 2.7872 0.0000 2224.89

Table 1: Diversity and realism of datasets related to emails. Best results in synthetic datasets are in bold.

Dataset Tone  Fluency  Coherence  Informativeness  Engagement  Overall
FinePersonas-Email 4.52 4.92 4.56 3.98 3.98 4.39
ITWSPA-2023-Adversarial 1.59 1.91 1.67 1.31 1.22 1.53

Synthetic ~ LLM-GenPhishing 3.41 4.89 4.67 3.13 2.78 3.70
Synthetic-Satellite-Emails 4.82 4.96 4.86 491 3.65 4.64
PersonaTrace (Proposed) 4.95 4.99 4.99 4.92 4.09 4.79
Enron 4.19 4.73 4.47 4.28 2.71 4.07

Real Human-Gen Phishing 3.50 4.06 3.69 3.73 2.40 3.47
W3C-Emails 3.99 4.56 4.31 4.24 2.82 3.98

Table 2: LLM-As-Judge scores of datasets related to emails. Best results in synthetic datasets are in bold.

and are likely to result in digital records in the
next stage. If any branch is found lacking (e.g.,
inconsistent), the Event Agent revises the event ac-
cordingly. The result of this stage is a collection
of event trees — an event forest — that captures a
diverse, personalized sequence of events the per-
sona will undergo. This event forest serves as the
scaffold for generating digital artifacts in the final
stage.

3.3 Digital Artifact Generation

In the final stage, the Artifact Generator Agent and
the Critic Agents work in tandem to produce high-
quality digital artifacts for each event in the event
forest. We adopt a generator—critic framework a
generator—critic loop a la Madaan et al. (2023). For
a given event € and the persona context 7, the Arti-
fact Generator Agent first creates an outline of the
digital artifact a — for example, an email, a text
message, a calendar invitation, a reminder, a wallet
pass, or other relevant digital record that would
reflect what the persona would actually produce
or receive in the scenario (e.g., an email confirm-
ing a flight booking or a text message exchange
with a friend about an upcoming dinner). It then
instantiates the artifact based on the outline. Once
the Artifact Generator Agent proposes an artifact
a, each Critic Agent evaluates it and provides feed-
back. Three Critic Agents evaluate the artifact for
consistency with € and 7, as well as for its realism
and fluency. They ensure that the content aligns
with the persona’s known attributes and the details
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of the event, flagging any contradictions, unnat-
ural language. After receiving the critique, the
Artifact Generator Agent revises the artifact a ac-
cordingly. This generator—critic loop may repeat
multiple times until the artifact meets all quality
criteria or a predetermined number of refinement
iterations. By the end of this stage, for every event
¢ in the persona’s event forest we obtain a final-
ized digital footprints that documents the event, i.e.
D =Aai,..., a|D|}. Because of the agent-based
generation process, the artifacts are not only in-
dividually realistic and coherent but also globally
consistent with the persona’s life narrative and the
sequence of events produced in prior stages.

4 Evaluation

4.1 Baselines

We use eight existing synthetic datasets as baselines
for comparison. All baseline datasets are described
in detail in Appendix A.

4.2 Intrinsic Evaluation

Intrinsic evaluation assesses the inherent properties
of the dataset itself. We use the following metrics
to quantitatively measures the diversity of realism
of the datasets related to emails.

Pairwise Correlation measures the average
Pearson correlation between all pairs of document
embeddings. A higher value indicates greater lin-
ear correlation, suggesting higher similarity and
lower diversity among documents.

Remote-Clique (Cox et al., 2021) computes the



Training Set Enron Human-Gen Phishing Private Private w/o Spam W3C-Emails
Email Categorization
Acc F1 Acc F1 Acc F1 Acc F1 Acc F1
None 0.2741 0.0722 0.0818 0.0236 0.0011 0.0022 0.0025 0.0028 0.0011 0.0004
FinePersonas-Email 0.5908 0.1810 0.2241 0.0755 0.0015 0.0027 0.0020 0.0022 0.5401 0.1093
TWSPA-2023-Adversarial 0.0010 0.0038 0.0007 0.0004 0.0012 0.0023 0.0035 0.0039 0.0011 0.0022
LLM-Gen Phishing 0.4046 0.1095 0.1363 0.0376 0.0008 0.0016 0.0015 0.0017 0.1909 0.0523
Synthetic-Satellite-Emails 0.4136 0.0848 0.1157 0.0297 0.0009 0.0017 0.0015 0.0017 0.2398 0.0620
PersonaTrace (Proposed) 0.6100 0.1903 0.2188 0.0659 0.0018 0.0035 0.0051 0.0063 0.5311 0.1403
Email Drafting

ROUGE BertS ROUGE BertS ROUGE BertS ROUGE BertS ROUGE BertS
None 0.0457 0.1175 0.0711 0.2319 0.0545 0.1671 0.0667 0.1818 0.1221 0.4032
FinePersonas-Email 0.1541 0.4590 0.1470 0.4835 0.1035 0.4330 0.1246 0.4480 0.1704 0.4923
TWSPA-2023-Adversarial 0.0064 0.0170 0.0337 0.1160 0.0072 0.0206 0.0106 0.0281 0.0670 0.2562
PersonaTrace (Proposed) 0.1771 0.4597 0.1599 0.4845 0.1215 0.4337 0.1433 0.4429 0.1795 0.4744

Question Answering

ROUGE BertS ROUGE BertS ROUGE BertS ROUGE BertS ROUGE BertS
None 0.3095 0.4766 0.2451 0.4450 0.0425 0.3188 0.0521 0.3265 0.1197 0.3689
FinePersonas-Email 0.3203 0.4835 0.1747 0.4207 0.0398 0.3173 0.0451 0.3221 0.2079 0.4263
TWSPA-2023-Adversarial 0.3904 0.5212 0.3277 0.4984 0.0450 0.3196 0.0535 0.3268 0.1671 0.3956
LLM-Gen Phishing 0.2333 0.4550 0.1821 0.4447 0.0452 0.3203 0.0547 0.3275 0.1261 0.4086
Synthetic-Satellite-Emails 0.2540 0.4767 0.2234 0.4734 0.0445 0.3222 0.0529 0.3288 0.1529 0.4288
PersonaTrace (Proposed) 0.4435 0.5465 0.4089 0.5313 0.0465 0.3269 0.0559 0.3335 0.2954 0.4643

Table 3: Extrinsic evaluation results on email-related downstream tasks: email categorization, email drafting, and

question answering. Best results are in bold.

average pairwise cosine distance between docu-
ment embeddings. Higher values indicate that the
documents are more widely dispersed in the em-
bedding space, reflecting greater diversity.

Entropy (Cox et al., 2021) estimates the
Shannon-Wiener entropy of the document embed-
ding distribution. Embeddings are first projected
into a 2D space and binned into a 5 x 5 grid. The
frequency of embeddings in each grid cell is then
used to compute entropy. Higher entropy values
indicate a more uniform distribution, suggesting
greater diversity.

Average Number of Links per Email serves
as a proxy for realism, as modern emails typically
contain numerous hyperlinks.

Average Email Length is reported for descrip-
tive statistical purposes.

LLM-As-Judge Scores assess human-
interpretable and realism-aligned qualities of
the emails, including tone, fluency, coherence,
informativeness, and engagement. Gemini 2.0
Flash serves as the evaluator, rating each aspect on
a 1-5 scale (from poor to excellent). Evaluation
prompts are detailed in the Appendix B. Note that,
due to privacy constraints, our private datasets
were not evaluated, and their corresponding results
are therefore omitted.

To improve efficiency, for datasets larger than
1000 samples, we randomly sample a subset of size
1000 for five times, and average metrics across the
five samples.
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Figure 2: UMAP visualization of the dataset embed-
dings related to text messages and conversations. Syn-
thetic datasets are denoted by circles, while real datasets
are represented by triangles. Among the synthetic
datasets, PersonaTrace appears closest in the embedding
space to the private dataset and u-sticker, indicating a
higher degree of realism and alignment with real-world
digital communications.

Tables 1 and 2 summarize the results. Per-
sonaTrace shows the greatest diversity among
synthetic datasets, surpassing even some real
ones—such as Enron (across all diversity metrics)
and W3C-Emails (in entropy). It also has the
longest average email length, reflecting closer re-
semblance to real data. Furthermore, PersonaTrace
attains the highest LL.M-as-Judge scores across
both synthetic and real datasets, highlighting its
superior realism and linguistic quality.

We also provide some straightforward visualiza-



Training Set DailyDialog Persona-Chat Private u-sticker
Acc BertS Acc BertS Acc BertS Acc BertS

None 0.1202  0.0237  0.1072  0.1521  0.0958  0.1102  0.0933  0.0849
DailyConversations 0.1091  0.1867 0.1070  0.2195  0.0961  0.2576  0.0933  0.2976
DiaSynth 0.1182  0.1334  0.1089  0.2036  0.0961  0.1698  0.0875  0.1666
PersonaBench 0.1253  0.0328  0.1064  0.1663  0.0960  0.1246  0.0930  0.0986
Synthetic-Persona-Chat 0.1101  0.2143  0.0982  0.2272  0.0955 0.2954  0.0893  0.3306
PersonaTrace (Proposed) ~ 0.1202  0.2656  0.1150  0.2463  0.0962  0.3178  0.0913  0.3526

Table 4: Extrinsic evaluation results on message-related downstream task: next message prediction. Best results are

in bold.

tion for the generated datasets. For text message re-
lated dataset, we use UMAP (Mclnnes et al., 2018)
to visualize the embedding. Figure 2 shows the
embedding visualization of datasets related to text
messages. There are several clusters in the image.
The bottom-right cluster reflects daily dialogues
and conversation, mainly communicated verbally.
The bottom-left cluster, composed of our private
dataset and u-sticker, represents the digital commu-
nications like text messages or online comments.
Our proposed dataset bears close resemblance with
the real datasets for digital communication.

4.3 Extrinsic Evaluation
4.3.1 Experiment Setup

We assess dataset quality by fine-tuning models
on synthetic data and evaluating their performance
on human-generated benchmarks to measure real-
world generalization. Our evaluation focuses on
four tasks: email categorization, email drafting,
question answering, and next message prediction
(see Appendix D.1 for task details). While digital
footprints extend beyond emails and messages, the
lack of high-quality synthetic data in other modali-
ties limits fair comparison.

The test datasets and implementation details
are provided in Appendix D.2 and Appendix D.3,
respectively.

4.3.2 Analysis

The results are shown in Table 3 and 4.

Across all evaluated tasks, PersonaTrace proves
to be the most effective synthetic dataset for out-
of-distribution generalization. Models fine-tuned
on PersonaTrace consistently achieve top perfor-
mance on both email and dialogue tasks, excelling
across metrics such as accuracy, F1, ROUGE-L,
and BERTScore. Unlike earlier synthetic datasets
that often overfit to narrow domains, PersonaTrace
enables models to generalize effectively across var-
ied contexts.

All models struggle on the Private and Private
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w/o Spam datasets, particularly in email categoriza-
tion and question answering, where scores remain
low. This may be due to the use of a weaker inter-
nal model for generating ground-truth labels and
the challenging nature of the private emails, which
contain many hyperlinks and non-natural language
elements (see Table 1).

4.4 Ablation Study

To evaluate the effectiveness of our agent-based
approach, we perform an ablation study by imple-
menting an agent-ablated version of PersonaTrace.
In this version, the Event Agent is replaced with a
fixed list of predefined event types (e.g., appoint-
ments, bills, online shopping, ticketed shows, work
meetings), and the LLM is prompted to fill in con-
textual details such as time and location based on
the persona. Additionally, we substitute the Ar-
tifact Generator Agent and Critic Agents with a
template-based artifact generation process. These
templates are manually crafted, with placeholders
(e.g., time, location, participants) filled using infor-
mation from the corresponding event.

Figure 3 and Table 5 present the results of the
ablation study. The full agent-based implementa-
tion outperforms the template-based baseline in
both diversity and realism. It also achieves signif-
icantly better performance on downstream tasks,
demonstrating superior generalizability.

Task w/o Agents  w/ Agents
. S Acc 0.0063 0.2733
Email Categorization Fl 0.0057 0.0813
. . ROUGE 0.0376 0.1527
Email Drafting BertS 0.3012 0.4590
Question Answerin ROUGE 0.0413 0.2500
) swenng BertS 0.2880 0.4405
- Acc 0.1015 0.1056
Next Utterance Prediction BertS 0.1938 0.2956

Table 5: Comparison of downstream task performance
between the agent-ablated and full implementations.
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Figure 3: Comparison of diversity and realism between
the agent-ablated and full implementations. For Pair-
wise Correlation, lower values indicate greater diversity.
For Remote-Clique and Entropy, higher values reflect
greater diversity. Average number of links per email
and average email length are used as indicators of real-
ism, with higher values suggesting closer resemblance
to human-generated emails.

5 Conclusion

We introduced PersonaTrace, the first end-to-end
pipeline for generating realistic synthetic digital
footprints using LLM agents. Starting from high-
level persona profiles, our framework produces di-
verse and plausible user events along with their
corresponding digital artifacts, including emails,
chat messages, calendar entries, wallet passes, re-
minders, etc. PersonaTrace offers high diversity
and realism, making it well-suited for training mod-
els on a wide range of downstream tasks. We train
our model on the dataset and deploy it in our online
retrieval product, achieving a 7% absolute improve-
ment in Recall@10. The dataset and generation
framework will be released after passing internal
review to benefit the community.

Limitations

Limited control over artifact topics. The current
implementation relies heavily on the Event Agent,
which constructs event trees based on the LLM’s
prior knowledge. As a result, it is difficult to con-
strain or guide the generation toward specific topics
(for instance, specifying that all artifacts should re-
late to travel). Future work can focus on enhancing
controllability over artifact content (e.g., topic or
intent) for specific applications.

Ethical Considerations

Privacy and data protection. PersonaTrace has
been designed with ethical safeguards at its core.
Importantly, the framework relies exclusively on
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synthetic data generated by agentic LLMs, ensur-
ing that no real user information is collected or ex-
posed. The project has undergone and passed our
institution’s internal privacy and legal compliance
review, overseen by the internal legal and privacy
team.

Responsible use and access control. While anal-
yses of digital footprints can offer significant bene-
fits for user experience, digital assistant effective-
ness research and behavioral research, they can
also be misapplied to surveillance or the prediction
of protected attributes. To mitigate these risks, we
will release both the dataset and framework under
terms and licenses that explicitly prohibit applica-
tions related to surveillance or inferring protected
groups. In addition, access to the dataset and code-
base will require users to agree to these conditions,
thereby aligning usage with principles of responsi-
ble research and beneficial impact.

Bias awareness and fair representation. Per-
sonaTrace estimates population priors from the
2022 American Community Survey, anchoring the
generation process in empirically grounded and de-
mographically representative distributions. This
prevents the emergence of arbitrary or systemat-
ically skewed data. In addition, our framework
supports the dynamic inclusion of specific demo-
graphic backgrounds through manually crafted per-
sonas, allowing careful control over representation.

By incorporating these safeguards, we aim to
maximize the positive research potential of Per-
sonaTrace while reducing the risk of harmful or
unethical applications.
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A.1 Synthetic Emails

FinePersonas-Email® comprises approximately
114,000 synthetic email exchanges between pairs
of personas. It is created by selecting around
11,000 personas from FinePersonas-v(0.1. Each
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is paired with five semantically similar and five ran-
dom personas to generate diverse scenarios. The
Hermes-3-Llama-3.1-70B model then uses chain-
of-thought reasoning to produce context-rich email
exchanges for each pair.

IWSPA-2023-Adversarial (Mehdi Gholampour
and Verma, 2023) contains 5,000 synthetic adver-
sarial emails. This dataset was created by applying
four adversarial text attack techniques—TextFooler,
PWWS, DeepWordBug, and BAE—from the Tex-
tAttack framework to the IWSPA 2.0 dataset.

LLM-Gen Phishing (Greco et al., 2024) con-
sists of 1,000 legitimate emails generated by Chat-
GPT, and 1,000 emails generated by WormGPT.

Synthetic-Satellite-Emails* contains 1,200 syn-
thetic email communications related to satellite
conjunction scenarios.

A.2  Synthetic Messages and Conversations

DailyConversations’ is synthetically generated us-
ing ChatGPT 3.5 and comprises two-person multi-
turn dialogues covering various topics. It has nearly
31,000 dialogues in total.

DiaSynth (Suresh et al., 2024) is a synthetic
dialogue generation framework tailored for low-
resource applications, using LLMs including Phi-3,
InternLM-2.5, LLaMA-3 and GPT-40 and Chain-
of-Thought reasoning to produce persona-driven
dialogues. The dataset contains 13,000 dialogues.

Synthetic-Persona-Chat (Jandaghi et al., 2024)
is a persona-based conversational dataset, extend-
ing the original Persona-Chat dataset with new syn-
thetic conversations. It contains 21,907 conversa-
tions. This dataset is generated using a Generator-
Critic framework to ensure the quality and faithful-
ness of the dialogues.

PersonaBench (Tan et al., 2025) involves a syn-
thetic data generation pipeline that creates diverse,
realistic user profiles and private conversations sim-
ulating human activities. It contains 1,600 conver-
sations generated by GPT-4o.

B Prompts of LLM-As-Judge

Please refer to Figure 4.

C Prompts of PersonaTrace

In this section, we present several representative
prompts used in the PersonaTrace framework to

“https://huggingface.co/datasets/Keystonelntelligence/
synthetic-satellite-conjunction-emails

Shttps://huggingface.co/datasets/safetylim/dailyconversations
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enhance transparency and facilitate reproducibility.

Persona Agent. Figures 5 and 6 illustrate the
prompt used by the Persona Agent to enrich basic
demographic information with detailed and realis-
tic personal attributes. The agent refines the sam-
pled demographic features, which are drawn from
a real-world, statistics-grounded distribution, into
coherent, lifelike persona profiles.

Event Agent. The Event Agent is responsible for
constructing an event tree by expanding a set of
seed events. Seed events can be obtained in three
ways: (1) uniform sampling from the event mem-
ory, (2) retrieving the most similar events from the
event memory, or (3) directly generating events
from the persona profile. Figure 7 presents the
prompt for the third approach. During event expan-
sion, the prompt shown in Figure 8 guides the itera-
tive process of developing each event into multiple
sub-events, ensuring temporal and causal consis-
tency.

Artifact Generator Agent. We use email gen-
eration as an illustrative example of the Artifact
Generator Agent. The process begins with produc-
ing an outline of the email (Figure 9), followed by
generating the full email content based on both the
outline and the associated event (Figure 10). The re-
flection phase involves two stages: first, the model
generates constructive feedback on the initial draft
(Figure 11); then, it revises the email according to
this feedback (Figure 12).

D Details of Extrinsic Evaluation

D.1 Tasks

Email Categorization. Classify an email into one
of eight predefined categories: Professional, Aca-
demic, Personal, Promotional, Financial, Social,
Spam, or Shopping. Labels for public datasets are
obtained via majority voting from three indepen-
dent GPT-40 API calls, while labels for private
datasets are generated using our internal classifier.
Accuracy and macro F1 scores are reported.
Email Drafting. Given the email’s subject,
sender, and receiver, generate the body of the email.
The generated content is compared against the
ground-truth email using ROUGE-L (Lin, 2004)
and BERTScore (Zhang et al., 2019). Note that
some datasets do not contain subject lines for
emails; such datasets are excluded from this task.
Question Answering. Given a complete email
and a factual question about its content, generate an



answer based solely on the email. Questions and
reference answers are generated via GPT-40 for
public datasets and our internal model for private
datasets. An additional LLM-based verification
step is used to validate the correctness of generated
answers. Performance is measured using ROUGE-
L and BERTScore.

Next Message Prediction. This task includes
two settings: (1) generation, where the goal is to
produce the next message in a conversation thread,
and (2) classification, where the model selects the
correct next message from a set of ten candidates.
In the classification setting, the distractor candi-
dates are sampled from the 100 messages in the
training set that are most similar (in embedding
space) to the correct next message. Cosine simi-
larity is used to measure closeness in embedding
space. We use BERTScore for the generation set-
ting and accuracy for the classification setting.

D.2 Test Datasets

Enron (Klimt and Yang, 2004) comprises approx-
imately 500,000 emails from around 150 Enron
employees, primarily senior executives, collected
during the company’s collapse in 2001. 10,000
emails are randomly selected as the test set.

Human-Gen Phishing (Greco et al., 2024) con-
sists of 2,000 most recent emails from Nazario and
Nigerian Fraud datasets (Al-Subaiey et al., 2024).

Private and Private w/o Spam refer to our pro-
prietary datasets comprising emails and text mes-
sages. To construct the latter, we applied an internal
spam classification model to filter out spam con-
tent, yielding a subset containing only non-spam
messages. It is a faaithful reflection of digital foot-
prints.

W3C-Emails (Zhang et al., 2021) comprises
email communications from the World Wide Web
Consortium’s (W3C) public mailing lists. Col-
lected through a crawl of W3C'’s public sites in June
2004, the dataset includes approximately 174,000
emails, of which 10,000 are used as the test set.

DailyDialog (Li et al., 2017) is a human-written,
multi-turn dialogue dataset that captures daily com-
munication across topics such as relationships,
work, and health. For our evaluation, we use its
test set, which consists of 1,000 conversations.

Persona-Chat (Zhang et al., 2018) comprises
over 10,000 dialogues totaling more than 160,000
utterances. Conversations were crowd-sourced via
Amazon Mechanical Turk, where participants were
instructed to embody their assigned personas dur-
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ing the dialogue. 10,000 conversations are selected
in our evaluation.

u-sticker (Chee et al., 2025) comprises approx-
imately 370,200 sticker instances, with 104,000
unique stickers, collected from 22,600 users across
diverse conversational contexts. It was gathered
from various online chatting platforms. A subset
of size 10,000 is used in this work.

D.3 Implementation Details

For each task, we fine-tune the Mistral-7B-v0.1
(Jiang et al., 2023) model on a given synthetic
dataset and evaluate its performance on real-world
datasets. To enable efficient fine-tuning, we employ
Low-Rank Adaptation (Hu et al., 2022) with con-
figuration parameters » = 8, a = 16, and dropout
= 0.05. The learning rate is 5 x 10~° with a lin-
ear scheduler. To ensure a fair comparison across
datasets, we uniformly sample 4,000 training ex-
amples and 1,000 validation examples from each
synthetic dataset. Models are fine-tuned for two
epochs, and the checkpoint with the lowest valida-
tion loss is selected for final evaluation.

E Cost Analysis

Here we briefly estimate the cost for creating the
dataset. For at most 5 generator—critic cycles, using
current LLM API pricing (e.g., Gemini 1.5 Pro:
2.5 USD per 1M input tokens, 10 USD per 1M
output tokens), each generation of 1,500 input
+ 1,500 output tokens costs about $0.019. With
2 generations per round and up to 5 rounds, the
upper bound per artifact generator agent is 0.19
USD, and considering event and persona agents,
the upper bound of the end-to-end cost is about
0.57 USD per artifact.



LLM-As-Judge

You are an expert evaluator for synthetic communication data.
Your task is to evaluate the following email based on multiple quality dimensions.
Carefully read the email content and provide structured ratings and feedback.

Evaluation Dimensions

1. Tone

« Is the tone appropriate for the context?
 Is it consistent throughout the email?
¢ Isitaligned with the intended audience?

2. Fluency

¢ [s the writing smooth and grammatically correct?
* Does it sound natural to read?

3. Coherence

¢ Are the ideas logically connected?
¢ Is the email easy to follow?

4. Informativeness

¢ Does the text provide useful, accurate, and complete information?
¢ Does it avoid missing or misleading details?

5. Engagement

¢ Does the text capture and maintain the reader’s attention?
¢ Does it encourage the reader to take action if needed?

Scoring Guideline (for each dimension)
5 = Excellent: Fully meets requirements, no issues.
4 = Good: Mostly meets requirements, with minor flaws.
3 = Fair: Some issues present, partially acceptable.
2 =Poor: Major issues, mostly unacceptable.
1 = Very Poor: Completely fails the requirement, unusable.

Output Requirements

Give a 1-5 score for each dimension with a short explanation (1-2 sentences). Provide an overall evaluation with an overall score (average or holistic).
Use JSON format for the output.

Example Output

"Tone": {
"score": 4,
"explanation": "Tone is polite and suitable for a business email, but slightly too formal for the intended young audience."
|
"Fluency": {
"score": 5,
"explanation": "Grammar and flow are flawless; very natural phrasing."
|3
"Coherence": {
"score": 4,
"explanation": "Message is generally easy to follow, though one sentence feels abrupt."
I
"Informativeness": {
"score": 5,
"explanation": "All key details are included and accurate."
)
"Engagement": {
"score": 3,
"explanation": "The message provides information but lacks a strong hook to engage the reader.”
}
"Overall": {
"score": 4.2,
"summary": "Well-written and informative, but slightly formal and could be more engaging."
}
}
Input
input: {input}

Figure 4: Prompts for LLM-As-judge evaluation.
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Profile Generation

Role: You are tasked with writing a novel that captures life in the modern world.

Mission: Your primary task is to develop a detailed concept for your novel’s protagonist. This includes articulating specifics about their job, personal life,
and social connections. You must organize and present this concept in a JSON format.

Task Requirements:

1. Populate each provided field relevant to the protagonist’s life, including personal characteristics and daily routines. If a specific field (e.g.,
classmates) does not apply to your character design, omit this field entirely.

2. Any information you include must align with the initial input. If additional information is necessary and was not provided in the input, extrapolate
reasonably based on the available data. Avoid using placeholders such as “not specified” or seeking further clarification.

3. Choose a name for your protagonist reflecting their gender and ethnicity to ensure authenticity and sensitivity.

4. Factor in the protagonist’s income level when outlining their lifestyle, specifically their holiday and vacation activities.

5. Ensure all content is original and, when formatting your response, reference only the structure—not the content—of provided examples.
6. All output keys should be in English, and all values should be in the user’s local language.

7. The protagonist’s nationality should reflect only the nationality indicated on their passport, while the protagonist’s residence address must
correspond to the specified locale in the input.

Input: The protagonist’s profile should be JSON formatted and include:

name: the protagonist’s full name

locale: language and geographic location

timezone: local timezone

age: age of the protagonist (string value)

gender: gender identity

income: income bracket

ethnicity: ethnic background

family_setup: description of familial relationships

nationality: the protagonist’s nationality
Output: Your output should be a detailed JSON formatted document expanding upon the input and including additional fields such as:
¢ surname: protagonist’s surname, resolved from the full name.
¢ given_name: protagonist’s given name, resolved from the full name.
¢ middle_name: protagonist’s middle name (if any), resolved from the full name. Omit this field if inapplicable.
¢ nicknames: list of protagonist’s nicknames, in the user’s local language.
¢ email: randomly generated email address using realistic username and domain conventions based on locale.
¢ phone: random generated phone number adhering to the locale’s format.
« eye_color: one of [black, blue, brown, gold, gray, green, silver, white].
¢ hair_color: one of [black, blue, brown, gold, gray, green, silver, white].

¢ height: physical height.

weight: physical weight.

¢ occupation: detailed job role, written in the user’s local language.

¢ weekdays_routines: narrative of a typical weekday, written in the local language.
* weekend_routines: narrative of a typical weekend, written in the local language.

¢ life_events_for_holidays_and_vacations: description of holidays and vacation practices, written in the local language.

Figure 5: Prompt for generating comprehensive and culturally grounded profile.
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Profile Generation (Continued)

e family_members: list including names, ages, relations, occupations, and workplace/school addresses—all in the local language, with realistic
naming conventions for the locale.

e friends: list of five friends’ names in the local language, with culturally correct name order and spacing.

« coworkers: list of eight coworkers’ names in the local language, with proper format.

¢ classmates: if applicable, list of ten classmates’ names in the local language, formatted correctly.

* home_address: realistic residential address in the local language, aligned with the locale.

* office_address: realistic office address in the local language, aligned with the locale (omit if inapplicable).

¢ school_address: realistic school address in the local language (omit if inapplicable).

Figure 6: Prompt for generating comprehensive and culturally grounded profile.

Seed Events Generation

Task Brainstorm possible events based on the profile. Consider all possibilities, and generate at least {num_seed_events} events as comprehensive and
diverse as possible.
Here are some tips for brainstorming:

Analyze Lifestyle. Identify daily, weekly, and seasonal patterns. Consider work, hobbies, social life, and personal responsibilities.

Consider Recent Life. Reflect on important events in the past two years.

Incorporate Professional and Personal Roles. Include work-related tasks. Consider personal interests.

Account for Special Occasions and Holidays. Include holiday traditions, family gatherings, and vacations. Consider birthdays, anniversaries,
and cultural events.

Think About Common Responsibilities. Cover financial management. Include household chores.

Consider Social and Recreational Activities. Identify interactions with family, friends, and coworkers. Include leisure activities like travel,
hobbies, or fitness.

Factor in Unexpected and Rare Events. Account for emergencies (e.g., medical visits, car repairs). Consider special projects or one-time
commitments.

Output Format
A JSON object with the following fields:

« event: A clear and specific event title.
¢ detailed_description: A comprehensive explanation of the event for consistency and coherence.

e » o

¢ frequency: A string representing how often the event occurs, chosen from the predefined options: [“daily”, “weekly”, “monthly”, “seasonally”,

“yearly”, “once”].
Input {profile}

Output Let’s think step by step.
First, I need to break down the weekday and weekend routines into a list of events. Second, I need to brainstorm for events in the recent life.

Figure 7: Prompt for brainstorming comprehensive, profile-based events.
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Event Expansion

Input Format:
You will receive a JSON object, representing an event with the following fields:

¢ event: A clear and specific event title.

detailed_description: A comprehensive explanation of the event to ensure consistency and coherence.
- » o« » o« - » o«

* frequency: How often the event occurs—one of: [“daily”, “weekly”, “monthly”, “seasonally”, “yearly”, “once”].

e location: A realistic and precise address that fits the event, suitable for a calendar entry. If the event could take place in multiple locations, it is
left blank.

e other_participants: A list of attendees, selected only from the names provided in the profile. If no additional participants are needed, it is left
blank.

e start_time: The start time in RFC3339 format without a time zone.

¢ end_time: The end time in RFC3339 format without a time zone.

Your Task:
You must analyze the event and brainstorm relevant events as comprehensively as possible. Here are some tips:

« Think of All Possible Variations. Account for different circumstances. Consider different methods or approaches. Consider various subcategories.
« Consider Different Perspectives. Look at the event from a personal, professional, logistical, and financial angle.
¢ Include Decision Points and Contingencies. Consider what happens if something goes wrong. Identify common problems and possible solutions.

¢ Cover Tools, Resources, and External Interactions. Mention necessary tools. Identify people involved.

Output Format:
A list of JSON objects, representing relevant events with the following fields:

« event: A clear and specific event title.
¢ detailed_description: A comprehensive explanation of the event to ensure consistency and coherence.

¢ frequency: How often the event occurs—one of: [“daily”, “weekly”, “monthly”, “seasonally”, “yearly”, “once”].

¢ location: A realistic and precise address that fits the event, suitable for a calendar entry. If the event could take place in multiple locations, leave
this blank. You can reference locations from the profile or suggest reasonable alternatives.

¢ other_participants: A list of attendees, selected only from the names provided in the profile. If no additional participants are needed, leave
this blank.

¢ start_time: The start time in RFC3339 format without a time zone.

¢ end_time: The end time in RFC3339 format without a time zone.

Examples: {examples}

Your Turn
Input: {input_event}

Output:

Figure 8: Prompt for generating related event expansions from a single event description.
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Email Outline Generation

Task:
You are a specialist in creating emails. You will be provided with a JSON object representing an event. Your objective is to generate a realistic outline for
the body of the email that {full_name} {sent_or_received}.

Event Details (JSON): {event}
Note: Some fields are guaranteed to be present (event, detailed_description, start_time, end_time, location, other_participants), while
others are optional and should only be used if relevant.

Instructions:
1. Output a detailed outline (not a fully written email) of the sender’s email.
2. You do not need to use all JSON fields, just those that make sense for the context of the email.
3. Highlight any actions, requests, or follow-up details needed from the recipients.
4. Choose an appropriate tone suitable for the event context.
5. Do not include placeholder text. Instead, use actual data or reasonable, context-based values.

6. You may include additional resources or references, if applicable.

Final Deliverable:
Provide a structured outline (like headings and bullet points) of the email body that {full_name} {sent_or_received}.

The outline should reflect the sender’s viewpoint.

Outline:

Figure 9: Prompt for generating structured email body outlines based on event data.
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Email Gneration

You are a specialist in writing emails. You will be provided with an outline of an email along with additional reference content. Your job is to craft a
realistic, engaging, and well-structured email based on the outline.

Instructions:

1. Input Details:

¢ Outline: You will receive an outline of the email, which includes the main points and structure to cover.

« Additional Reference: You will also be provided with a JSON object containing event-related details. The fields that are always present
are:

- event
— detailed_description
— start_time
— end_time
— location
— other_participants
¢ Other fields in the JSON object are optional. Note: Use only the relevant fields to create a clear and effective email.

« Note: You do not need to incorporate every field from the JSON object; only use the information that is relevant to create a clear and
effective email.

2. Email Composition Guidelines:

* Structure & Tone:
— Write a realistic and engaging email that follows the provided outline.

— Choose a tone that matches the context of the event and the intended recipients. For example, for an emergency preparedness notice,
use a calm, reassuring, and informative tone; for a celebratory event, a more upbeat tone is suitable.

¢ Content Integration:
— Use the outline as the framework for your email body.
— Incorporate relevant details from the additional reference JSON object to enhance the content.
— Ensure the email includes critical event information such as event name, detailed description, dates, location, and any important
context provided.
¢ Clarity and Readability:
— Organize the email into clear sections based on the outline.
— Use headings, paragraphs, and bullet points where appropriate to enhance readability.
¢ Relevance:
— Only include information from the JSON object that directly contributes to the purpose and clarity of the email.
— Avoid unnecessary details that do not add value or could distract from the main message.
— You may add extra details that complement the outline and reference material if needed.
« Call-to-Action:
— Including specific next steps or call-to-action is optional. Only include them if they enhance the clarity and usefulness of the email.

3. Output Structure:

¢ The final email must be structured as a JSON object with the following keys:
— sender_name: The name of the sender.
— from_address: The sender’s email address.
— to_address: The receiver’s email address.
— send_time: The time the email is sent in RFC3339 format without a time zone.
— subject: A concise and relevant subject line.
— body: The complete email body text, following the outline.

4. Process:

« Start by reviewing the provided outline and event reference.
¢ Develop a cohesive email that aligns with the outline and appropriately integrates relevant event details.
« Ensure that the email is organized, clear, and engaging, following standard email conventions.

Outline: {outline}

Additional References: {event}

Figure 10: Prompt for generating realistic emails from outlines and event references.

You are an expert in email review and writing. I will provide you with an email, and I need you to offer detailed, constructive feedback to help improve it.

Here is the email for review: {email}

Figure 11: Prompt for expert-level email review and constructive feedback.
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Email Rev

You are an expert at revising emails. You will be provided with: 1. An original email. 2. A set of suggestions on how to improve that email.

Objective:
¢ Transform the original email into a new version that incorporates the given suggestions.

* Ensure the final output strictly follows the JSON structure below.

Output Format: Your response must be a JSON object with these keys:
¢ sender_name: The name of the sender.
« from_address: The sender’s email address.
¢ to_address: The receiver’s email address.
¢ send_time: The time the email is sent in RFC3339 format without a time zone.
¢ subject: A concise and relevant subject line.

¢ body: The complete email body text.

Instructions:
* Retain any key information from the original email.
¢ Incorporate the suggestions provided where relevant.
* The final email body should reflect a polished, improved version of the original.

* Do not add any additional keys; only use the five specified keys.

Original Email: {original_email}

Suggestions: {suggestions}

Figure 12: Prompt for revising and improving emails based on specific feedback.
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Abstract

We introduce EPAG, a benchmark dataset and
framework designed for Evaluating the Pre-
consultation Ability of LLMs using diagnos-
tic Guidelines. LLMs are evaluated directly
through HPI-diagnostic guideline comparison
and indirectly through disease diagnosis. In
our experiments, we observe that small open-
source models fine-tuned with a well-curated,
task-specific dataset can outperform frontier
LLMs in pre-consultation. Additionally, we
find that increased amount of HPI (History
of Present Illness) does not necessarily lead
to improved diagnostic performance. Further
experiments reveal that the language of pre-
consultation influences the characteristics of
the dialogue. By open-sourcing our dataset and
evaluation pipeline on https://github.com/
seemdog/EPAG, we aim to contribute to the
evaluation and further development of LLM
applications in real-world clinical settings.

1 Introduction

Large Language Models (LLMs) are increasingly
integrated into clinical applications, transform-
ing healthcare industry by automating various
tasks (Yang et al.,, 2023a; Zhou et al., 2024;
Thirunavukarasu et al., 2023; Wang et al., 2025).
One example is pre-consultation, where LLMs as-
sist history-taking (Wang et al., 2024; Yang et al.,
2023b) and decision-making (SAMIEE; Li et al.,
2024). However, it is crucial to acknowledge the
significant risks involved. Erroneous outputs can
result in severe adverse consequences such as mis-
treatment or incorrect drug prescription, highlight-
ing the necessity of rigorous evaluations (Kim et al.,
2025; Ullah et al., 2024).

We propose EPAG (Evaluating the Pre-
consultation Ability of LLMs using diagnostic
Guidelines), a benchmark dataset and evaluation
pipeline specifically designed for pre-consultation.
Given basic patient information, such as age, sex,
and chief complaints, pre-consultation models ask
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questions to elicit symptoms related to potential
diagnoses. EPAG benchmark dataset comprises
520 patient profiles, spanning 26 diseases, 10 ICD-
11 chapters, 10 primary specialties, and 22 sec-
ondary specialties, along with pre-defined diag-
nostic guidelines. In EPAG, the pre-consultation
dialogue is evaluated through two tasks: (1) HPI-
Diagnostic Guideline Comparison, and (2) Disease
Diagnosis. In our experiments, eleven LLMs are
evaluated across various numbers of dialogue turns.
The main contributions of our work are:

* Developing a systematic framework and con-
structing a high-quality dataset for evaluating
the clinical pre-consultation ability of LLMs.

* Open-sourcing the dataset and pipeline.

* Implementing targeted experiments and shar-
ing the results with in-depth analysis.

2 Related Work

2.1 Medical LLMs in Clinical Applications

Existing clinical chatbot applications include Hu-
atuoGPT (Zhang et al., 2023), ChatDoctor (Li et al.,
2023), MedChatZH (Tan et al., 2024), MedAide
(Basit et al., 2024), and MILD Bot (Kim et al.,
2024). Other medical LLM applications not limited
to chatbots are Kumichev et al. (2024); Zhang et al.
(2024); Wiest et al. (2024); Ghosh et al. (2024);
Waisberg et al. (2024). LLMs have demonstrated
diagnostic accuracy comparable to that of physi-
cians in certain contexts (Qian et al., 2021), with
existing works primarily focusing on final diag-
nostic outcomes (McDuff et al., 2023; Singhal
et al., 2023; Tu et al., 2024). However, research
on patient information collection during LLM pre-
consultation remains limited. To address this, we
propose a fine-grained framework that evaluates
LLM pre-consultation capabilities.

Proceedings of the 19th Conference of the European Chapter of the Association for Computational Linguistics
Volume 5: Industry Track, pages 78-94
March 25-27, 2026 ©2026 Association for Computational Linguistics
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Figure 1: EPAG pipeline. (1) Dialogue Generation: The patient-agent acts as a patient given a specific profile,
while the doctor-agent conducts a pre-consultation using only the basic information and chief complaint. After
n turns, the doctor-agent is assessed through two tasks: (2) HPI-Diagnostic Guideline Comparison, where the
organizer model extracts HPI units and the comparer model determines which of the diagnostic guidelines is most
relevant, and (3) Disease Diagnosis, where the dialogue is given to a separate diagnostician-agent for diagnosis.

2.2 Evaluation of Medical LLMs

Multiple-choice QA is widely used for medical
evaluation, as demonstrated by Med-HALT (Pal
et al., 2023), MedMCQA (Pal et al., 2022), Pub-
MedQA (Jin et al., 2019), and KoreMedMCQA
(Kweon et al., 2024). However, it is insufficient
for assessing real-world clinical conversational
abilities (Bedi et al., 2024; Chen et al., 2024).
More sophisticated evaluation frameworks in the
clinical domain have been proposed, including
MEDIC (Kanithi et al., 2024), LLM-Mini-CEX
(Shi et al., 2023), CRAFT-MD (Johri et al., 2025).
Other evaluation benchmarks regarding disease di-
agnosis include works by Hou et al. (2024), Zhu
et al. (2025), Bhasuran et al. (2025), Delaunay and
Cusido (2024), Sarvari and Al-Fagih (2025), Reese
et al. (2025), Gaber et al. (2025). While Winston
et al. and Fast et al. propose evaluation pipelines for
pre-consultation, their dataset coverage is limited
and peripheral.

3 EPAG Benchmark

We assess pre-consultation models designed to
collect as much relevant information as possible
from the patient, including symptoms, family his-
tory, and other factors, referred to as the History
of Present Illness (HPI). This section covers the
tasks, dataset construction process, and evaluation
pipeline of EPAG.

3.1 Evaluation Tasks

As Figure 1 demonstrates, we propose a two-tiered
evaluation framework based on the collected HPI.
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3.1.1 HPI-Diagnostic Guideline Comparison

For direct evaluation, we focus on how effectively
the models capture information necessary for accu-
rate disease identification. The evaluation process
involves pre-consultation simulation with a patient-
agent exhibiting symptoms of a specific disease and
a doctor-agent, which is the subject of evaluation.
During this interaction, the doctor-agent asks ques-
tions and provides multiple options for the patient-
agent to choose from. The HPI collected is then
compared against a set of diagnostic guidelines
for the specific disease. The diagnostic guidelines
represent a collection of essential information for
diagnosing a particular disease, curated by human
clinicians from trusted sources with further details
in Section 3.2.1.

3.1.2 Disease Diagnosis

For indirect evaluation, we assess how well the
collected HPI supports accurate diagnoses when
provided to a separate diagnostic model. While
this is not a direct evaluation of the HPI extracted
by LLMs, it is a crucial assessment as one of the
eventual goals of LLM pre-consultation is to assist
in correct diagnosis and treatment.

3.2 Dataset

Figure 2 shows the dataset construction process.

3.2.1 Diagnostic Guideline

To evaluate whether each dialogue turn elicits
meaningful patient information for diagnosis, we
construct a gold-label diagnostic guideline dataset.
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Figure 2: EPAG benchmark dataset construction process. Expert clinicians collect all possible diagnostic guidelines
of diseases from credible clinical sources. They then filter diseases based on whether they can be reasonably
diagnosed through consultation alone and sufficiently common to ensure unbiased evaluation. Next, clinicians verify
that the disease list is comprehensive enough to serve as a generalizable evaluation set. Using the finalized list,
synthetic patient profiles are generated and finalized through qualitative analysis by clinicians.

The following steps are implemented by profes-
sional clinicians based on credible clinical associa-
tions and organizations in Appendix A: (1) collect
diagnostic guidelines with explicit references; (2-1)
filter diseases that are diagnosable through consul-
tation alone, without reliance on physical exams,
X-ray or MRI; (2-2) exclude diseases that are too
rare. As exemplified in Appendix B, each diag-
nostic guideline specifies key symptoms, ancillary
symptoms, family history, and other relevant risk
factors. Each feature is assigned a weight of either
high or medium.

3.2.2 Disease

As our primary goal is to evaluate language mod-
els rather than multi-modal models, we focus on
diseases that can be differentiated without reliance
on other examination results. Through extensive
discussions with clinicians, we identify 26 such
diseases spanning 10 primary specialties and 22
secondary specialties. To ensure that the selection
of 26 diseases provides sufficient clinical general-
izability, clinicians classify them according to the
International Classification of Diseases, 11th Revi-
sion (ICD-11) . This categorization confirms that
the included diseases span a broad range of condi-
tions across 10 ICD-11 chapters, as shown in Table
3, indicating that the dataset covers a clinically di-

"https://icd.who.int/en
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verse and representative scope of diseases that can
be reasonably differentiated through history-taking.
Each disease is systematically assigned to both
primary and secondary specialties following estab-
lished clinical criteria in Appendix C, reflecting the
multidisciplinary nature of real-world patient care.

3.2.3 Patient Profile

We generate diverse patient profiles using OpenAl
03-mini 2. Expert clinicians then conduct a qualita-
tive review to ensure (i) sufficient diversity across
profiles and (ii) adequate clinical detail to support
realistic patient—doctor interactions. To minimize
bias in the synthetic dataset, we retain 20 profiles
per disease, yielding a total of 520 profiles. Each
profile contains demographic and clinical informa-
tion such as age, sex, height, weight, and relevant
medical history, representing realistic patient cases.
Each patient profile is used to assign a role to the
patient-agent, which then interacts with the doctor-
agent, simulating realistic scenarios. A sample pro-
file and diversity of patient group can be found in
Table 4 and Figure 6 respectively.

3.3 Evaluation Framework

Supposing pre-consultation models that ask ques-
tions and provide options to choose from, [Ques-
tion, Options, Answer] triplets are utilized through-

Zhttps://openai.com/



HPI-Diagnostic Guideline
Comparison Score

Disease Diagnosis

Model Accuracy

Not Weighted Weighted Top-1 Top-k
Human Expert 4.35 7.29 68.24 80.65
LLMs
GPT-4.1 4.82 8.12 74.56 83.81
GPT-4.1-mini 4.46 7.64 69.15 81.36
GPT-40 4.39 7.59 69.23 81.35
GPT-40-mini 4.46 7.75 64.62 79.62
Claude-3.7-Sonnet 4.59 8.12 69.23 82.31
Claude-3.5-Sonnet 4.62 8.05 72.69 81.35
Claude-3.5-Haiku 4.58 7.84 65.38 80.77
Phi-3.5-mini 3.91 6.88 61.82 78.84
Llama-3.2-3B 3.87 6.8 58.14 72.09
Qwen2.5-7B 3.74 6.51 58.46 76.54
Medgemma-4B U5 4.19 7.22 65.93 82.31

Table 1: HPI-diagnostic guideline comparison scores
and disease diagnosis accuracies for eleven models,
alongside a human expert baseline, over five-turn di-
alogues. Results exceeding the human baseline are
shaded in blue, and those below in red. Stethoscope
(%) denotes the medically fine-tuned model.

out evaluation.

3.3.1 HPI-Diagnostic Guideline Comparison
Score

(1) Response Generation
The doctor-agent is provided with the chief com-
plaint and basic information, including age, sex,
height, weight, then generates questions and op-
tions. The patient-agent is provided with the full
patient profile, and asked to select the appropriate
option with the prompt in Table 5. This process is
iterated for n times.
(2) Organization
After n turns of pre-consultation, the [Question, Op-
tions, Answer] triplets are organized into individual
units, each representing a single piece of clinical in-
formation, by an organizer model, using the prompt
in Table 6. This step is crucial because, in the next
phase, we compare each unit against pre-defined
diagnostic guidelines to assess whether it matches
any. Since a single [Question, Options, Answer]
triplet may contain multiple pieces of information,
separating them into individual units ensures more
accurate comparison. For example:

Question: Are there any other symptoms

that occur with chest tightness?

Options: Shortness of breath or difficulty

breathing, A feeling of a racing heart, Cold

sweats, Dizziness, Vomiting or nausea

Answer: Shortness of breath or difficulty

breathing

The number of organized units should be five,
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not one: (1) Patient has shortness of breath or diffi-
culty breathing, (2) Patient does not have a racing
heart, (3) nor cold sweats, (4) nor dizziness, (5)
nor vomiting or nausea. In differential diagnosis,
the absence of symptoms is as significant as their
presence, so the unselected options are treated as
separate units. Additionally, to avoid duplicating
scores for redundant questions, we deduplicate the
information extracted during the organization step.
An example is provided in Appendix D.

(3) Comparison

Next, we use a comparer model with the prompt in
Table 7 to match each unit with the most relevant
diagnostic guideline. If a unit does not match any
of the guidelines, the comparer model is instructed
to respond with "None of Above." As illustrated
in Figure 1, for each of the m units, the comparer
performs the comparison process.

(4) Score Calculation

The final score for the pre-consultation dialogue
is calculated by awarding 1 point if the unit cor-
responds to a guideline and 0 point for "None of
Above." Since some diagnostic guidelines may be
more influential in diagnosing or ruling out certain
diseases than others, we also compute a weighted
score. Human expert clinicians assign each guide-
line a significance level of medium or high, as
shown in Appendix B. A unit corresponding to a
medium-significance guideline earns 1 point, while
a high-significance guideline earns 2 points. Both
versions of the score are calculated for each patient
and averaged across 520 datasets to determine the
final score for each doctor-agent.

To verify the reliability of our evaluation
pipeline, we conduct a human comparison. For
each disease, one is randomly sampled for each
disease and evaluated by a human clinician using
the same pipeline. After performing an F-test (p >
0.05) to ensure equal variances, a T-test confirms
that the two sets of scores are statistically similar
(p > 0.05).

3.3.2 Disease Diagnosis Accuracy

For indirect evaluation of the pre-consultation dia-
logue, we use an independent diagnostician-agent
with the prompt in Table 8. To account for multiple
names for the same disease, we consider the pre-
diction correct if the model identifies a parent or
child concept of the gold label disease. We employ
an evaluator model using the prompt in Table 9 to
determine if the predicted disease matches the gold
label.
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Figure 3: Performance of Qwen-2.5 models (7B, 32B,
72B) before (grey) and after (blue) SFT. Red horizon-
tal line marks human clinician performance, and blue
marks GPT-4.1 performance—the strongest model.

4 Experiments

We evaluate eleven models as the doctor-agent, in-
cluding four from OpenAl 3, three from Anthropic
4 and four open-source LLMs, one of which is med-
ically fine-tuned, and compare their performance to
a human baseline. For the human baseline, human
clinicians go through the same pre-consultation
process as the doctor-agents, while the rest of the
pipeline remains unchanged. Figure 8 shows the
user interface used by human clinicians. The result-
ing pre-consultation dialogues are then evaluated
using our proposed pipeline. In this experiment, all
other components in the pipeline use GPT-40-mini,
with distinct prompts assigned to each role (patient,
organizer, comparer, diagnostician, evaluator). To
ensure reproducibility, we fix the random seed and
set the temperature of each agent to 0. The only
variable is the doctor-agent model.

5 Result and Analysis

As shown in Table 1, in five turn dialogues, GPT-4.1
attains the highest performance across all metrics,
tying with Claude-3.7-Sonnet on the weighted HPI-
diagnostic guideline comparison score. Qwen2.5-
7B and Llama-3.2-3B perform worst overall. The
human baseline places above all open-source mod-
els, but below every proprietary LLM. Contrary
to our intuition that medical fine-tuning would
elicit decent performance, Medgemma-4B under-
performs the human baseline. A plausible explana-

*https://openai.com/
“https://www.anthropic.com/
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tion is that Medgemma-4B is fine-tuned primarily
on existing medical tasks, which may have weak-
ened its instruction-following ability on unseen
tasks like pre-consultation. We conduct a series
of additional experiments, providing several impor-
tant takeaways.

Model size does not guarantee performance.
Larger or more expensive models are expected
to outperform their smaller counterparts across
most tasks. This holds true in the GPT-4.1 family,
where GPT-4.1 exceeds GPT-4.1-mini on all four
metrics. However, GPT-40-mini outperforms GPT-
40 on HPI-diagnostic guideline comparison score.
Moreover, Claude-3.5-Sonnet outperforms Claude-
3.7-Sonnet, the most expensive model, on the un-
weighted score and Top-1 accuracy. Although tech-
nical reports often emphasize gains from increased
scale, our findings suggest that this relationship
weakens for clinical pre-consultation.

Task-specific Fine-tuning matters.

If model size does not guarantee pre-consultation
ability, what does? We hypothesize that once a
model’s medical knowledge surpasses a certain
threshold, its performance depends primarily on
how effectively it can leverage that knowledge
to generate appropriate questions. This interpre-
tation is supported by the underperformance of
Medgemma-4B, despite its presumed advantage
in medical knowledge. To test this, we construct
a 3k pre-consultation dialogue dataset indepen-
dent from EPAG—generated by LLMs and rigor-
ously reviewed by clinical experts—and fine-tune
Qwen-2.5 models (7B, 32B, 72B) using LoRA (Hu
et al., 2021). Figure 3 compares each model’s per-
formance before and after supervised fine-tuning.
Consistent with our earlier analysis, the baseline
models do not exhibit strict monotonic gains with
size: while Top-1 accuracy improves as model size
increases, the other three metrics rank as 32B <
7B < 72B. After SFT, all models show marked
improvements across most metrics, with 32B bene-
fiting the most. Although the base models fall be-
low both the human expert and GPT-4.1, fine-tuned
models often exceed the human expert—and no-
tably, 7B and 32B match or even surpass GPT-4.1.
Qwen2.5-72B’s slight decline in Top-k accuracy af-
ter fine-tuning possibly suggests underfitting, likely
because our 3k-dialogue dataset is insufficient to
fully optimize the largest model but more than ad-
equate for the smallest model, making 32B the
optimal size for this dataset. Overall, the peaking
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Figure 4: EPAG results across eleven models with number of dialogue turns ranging from five to nine.

performance of fine-tuned Qwen2.5-32B demon-
strates that relatively small open-source models,
when trained on high-quality, task-specific data,
can outperform larger, more expensive models in
specialized applications.

Not all HPI directly lead to correct diagnosis.
As shown in Figure 4, the amount of HPI increases
with the number of dialogue turns, while diagnostic
accuracy does not. Appendix E exemplifies why
more HPI does not directly correlate with accurate
differential diagnosis. If a model fixates on certain
keywords that are loosely connected to the correct
diagnosis, it may ask numerous guideline-related
but clinically less significant questions and even
increase the likelihood of misdiagnosis.

Language affects dialogue patterns.

With the prior experiments done in Korean, we ex-
plore whether the used language makes any differ-
ence by comparing English and Korean dialogues
with Qwen 2.5 models (7B, 32B, 72B). We hypoth-
esize that English pre-consultations would yield
stronger performance as the English training cor-
pus is understood to be much larger than Korean.
Surprisingly, Figure 5 shows that Korean dialogues
produce higher HPI-diagnostic guideline compar-
ison scores, while English dialogues achieve su-
perior disease diagnosis accuracy. A qualitative
review explains this enigma: in English, the model
frequently pursues deep, repetitive follow-ups on a
single symptom—enhancing diagnostic confidence
but generating fewer unique atomic units. By con-
trast, in Korean sessions it casts a wider net, query-
ing a broader array of symptoms, which boosts HPI
scores but dilutes focus and can introduce multiple
diagnostic possibilities. This behavior aligns with
our earlier finding that not all HPI directly lead to
correct diagnosis.
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Figure 5: Performance of Qwen-2.5 models (7B, 32B,
72B) on Korean (grey) versus English (green) dialogues.

6 Conclusion

We present EPAG, a benchmark dataset and auto-
mated pipeline for Evaluating the Pre-consultation
Ability of LLMs using diagnostic Guidelines. Ex-
periments show that model size does not guaran-
tee performance, and not all extracted HPI con-
tribute directly to diagnosis, highlighting the need
for future research to quantify the impact of each
HPI component on specific diagnosis and refine
pre-consultation models. Additional studies demon-
strate that smaller open-source LLMs can surpass
larger proprietary models when fine-tuned with
high-quality data, and that the language used during
pre-consultation shapes dialogue characteristics.

Limitation and Future Work

The EPAG benchmark dataset includes 26 diseases
across 10 ICD-11 chapters but focuses solely on
text-based pre-consultation models, excluding dis-
eases that require physical test results, such as X-



rays, or MRIs, which are more common in real-
world settings. Therefore, future work should incor-
porate multi-modal evaluation of pre-consultation
models to process inputs beyond text, including
medical images.

Ethics Statement

While our proposed evaluation pipeline for assess-
ing the pre-consultation abilities of LLMs demon-
strates a high correlation with human evaluation, it
has limitations and does not cover all disease cate-
gories. As such, the experimental results presented
in this paper should not be considered definitive.
The selection of a model for any specific clinical
application should involve thorough assessment be-
fore being deployed in practice.
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A Source of Diagnostic Guidelines

Cardiology: American College of Cardiology
5 American Heart Association ©

Oncology: National Comprehensive Cancer
Network ’

Stroke: American Heart Association, Ameri-
can Stroke Association &

Allergy & Immunology: Joint Task Force for
Practice Parameters °, American Academy of
Allergy Asthma & Immunology '°, American

College of Allergy Asthma and Immunology
11

Gastroenterology: American Gastroenterolog-
ical Association Homepage '2

HIV/AIDS: U.S. Preventive Services Task
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Pulmonology: Global Initiative for Chronic
Obstructive Lung Disease 4, Global Initiative
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Nephrology: Improving Global Outcomes '
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B Diagnostic Guideline Example

Weight Feature
high Palpable Breast Lump
high Nipple Discharge, Bloody or Spontaneous
high Skin Changes: Peau d’orange, Ulceration, Erythema, Thickening
high New-Onset Nipple Inversion/Retraction
high Axillary Masses/Lymphadenopathy
medium Asymmetry in Breast Size/Shape, New Onset
medium Nipple/Areolar Eczema or Itching
medium Localized Thickening or Induration
medium | Systemic Symptoms: Weight Loss, Fatigue, Night Sweats, Fever
medium Pregnancy/Lactation-Related Abnormalities
medium Post-Surgical or Post-Radiation Breast Changes
high Family History of Breast Cancer, BRCA Mutation
high Genetic Predisposition: BRCA1/BRCA2, TP53, PALB2 etc.
high Prior Biopsy with Atypia or LCIS/ADH
medium | Hormonal Factors: Early Menarche, Late Menopause, HRT Use
high Prior Chest Radiation Therapy, esp. 10~30 y/o

Table 2: Diagnostic guidelines for breast cancer.

C Disease Categorization

To enhance the generalization and reliability of our
benchmarking system, we adopt the International
Classification of Diseases, 11th Revision (ICD-11)
as the main categorization of diseases. This ap-
proach ensures comprehensive coverage across di-
verse disease groups. For better alignment with
real-world clinical decision-making we assign each
disease to a Primary Specialty and, where applica-
ble, one or more Secondary Specialties.

C.1 Primary Specialty Selection Criteria

Each disease is assigned to a Primary Specialty,
the leading specialty responsible for the disease’s
management, based on the following:

1. ICD-11 Disease Classification:

 Each disease is mapped to its correspond-
ing ICD-11 chapter, which indicates the
major body system or disease category it
belongs to.

* The specialty most commonly responsi-
ble for managing diseases in each chapter
is assigned as the Primary Specialty.

2. International Clinical Guidelines: The Pri-
mary Specialty is further validated using well
established medical guidelines from globally
recognized organizations listed in Appendix
A.

. Standard Medical Practice: The most com-
monly designated department responsible for
managing the disease in hospitals and health-
care settings is selected.
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C.2 Secondary Specialty Selection Criteria

Many diseases require collaboration across multi-
ple specialties. A Secondary Specialty, additional
specialties that frequently contribute to diagno-
sis, treatment, or complication management, is as-
signed in cases where:

. Multidisciplinary care is essential.

* Conditions which require involvement
from multiple specialties for optimal
management.

» Example: Stroke (8B20)

— Primary: Neurology (acute treatment
and long-term management)

— Secondary: Cardiology (stroke pre-
vention in atrial fibrillation), Rehabil-
itation Medicine (post-stroke recov-
ery)

2. Complication management is required.

* Specialties involved in managing compli-
cations related to the primary disease.
» Example: Diabetes (5A14)
— Primary: Endocrinology (blood sugar
control, metabolic regulation)
— Secondary: Nephrology (diabetic
nephropathy), Cardiology (cardiovas-
cular risk)

(98]

. Surgical vs. Non-Surgical considerations.

e Conditions where both medical and sur-
gical specialties play a role.

» Example: Colorectal Cancer (2B91)

— Primary: Oncology (chemotherapy
and cancer management)

— Secondary: Gastroenterology (diag-
nosis via colonoscopy), General
Surgery (surgical treatment)

By structuring disease classification based on
these criteria, we ensure that our benchmark
system accurately represents real-world clini-
cal workflows and enhances the applicability
of Al-driven medical decision support tools.

D Organized Unit Example

Main Symptom:
I keep coughing and have difficulty breathing.



D.1 [Question, Options, Answer] Triplet

Question: When you cough, do you produce any
sputum?

Options: Dry cough with no sputum, White or
clear sputum, Yellow or green sputum, Red or
brown sputum

Answer: White or clear sputum

Question: When is your difficulty breathing
worse?

Options: | have difficulty breathing even when
I am at rest, I have difficulty breathing when
walking on flat ground, I have difficulty breathing
when climbing stairs or going uphill, I only have
difficulty breathing when I move quickly or
exercise

Answer: | have difficulty breathing when walking
on flat ground

Question: How long have you had the coughing
and difficulty breathing symptoms?

Options: Less than 2 weeks, 2 weeks to 3 months,
3 months to 6 months, More than 6 months
Answer: More than 6 months

Question: Do you smoke?

Options: I currently smoke, I used to smoke but
quit, I have never smoked, I am often exposed to
secondhand smoke

Answer: I currently smoke

Question: Do you have any symptoms while
sleeping?

Options: I wake up because I can’t breathe, I can’t
sleep due to severe coughing, I need more than one
pillow to breathe properly, I snore a lot, I sleep
without any special symptoms

Answer: | wake up because I can’t breathe

D.2 Organized Units

e White or clear sputum is produced when
coughing.

* The difficulty in breathing worsens when
walking on flat ground.

e The coughing and difficulty in breathing
symptoms have lasted more than 6 months.

* I currently smoke.

I wake up during sleep because I can’t breathe.
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E Analysis

The following case involves a patient expected to be
diagnosed with Acute Kidney Injury. MedGemma-
4B is used as the doctor agent model.

Chief Complaint: Decreased urine output and flank pain.

HPI from 5-turn dialogue

There is pain in the right flank.

The amount of urine has decreased.
Recently had symptoms of a cold.

Takes antihypertensive medication regularly.
No history of urinary stones.

Diagnosis: Acute Kidney Injury (correct)

HPI from 6-turn dialogue

There is pain in the right flank.

The amount of urine has decreased.

Recently had symptoms of a cold.

Takes antihypertensive medication regularly.

No history of urinary stones.

The flank pain is severe, rated 7 out of 10 in intensity. (Added)

Diagnosis: Renal Colic due to Urinary Stone (incorrect)

Although both Acute Kidney Injury and Renal Colic
can present with flank pain, the additional 6th turn
provides patient information about the intensity
of pain, which may have shifted the model’s di-
agnostic focus away from other relevant symp-
tomatic information. Renal Colic typically results
from urinary stone, leading to severe pain. In this
case, highlighting the severity of flank pain may
have caused the model to prioritize pain-centric
reasoning, which misled the differential diagnosis
toward Renal Colic. While the additional informa-
tion (pain intensity) is clinically relevant and could
aid a physician’s understanding, it may have inad-
vertently diverted the model’s diagnostic focus.



ICD-11 Chapter Disease ICD-11 Code Primary Specialty Secondary Specialty
Breast Cancer 2E65 Oncology General Surgery
Prostate Cancer 2C82 Oncology Urology
Colorectal Cancer 2B91 Oncology Gastroenterology,
General Surgery
Neoplasms Pulmonology
Lung Cancer 2C25 Oncology Thoracic Surgery
Gastric Cancer 2B72 Oncology Gastroenterology,
General Surgery
Hypertrophic Cardiomyopathy BC43.1 Cardiology Medical Genetics
Peripheral Artery Disease BD4Z Cardiology Vascular Surgery
. Neurology
Diseases of the Atrial Fibrillation BC81.3 Cardiology (Stroke Risk),
Circulatory System e
Internal Medicine
. . Endocrinology
Heart Failure BD1Z Cardiology (Diabetes-related)
Cardiology,
Diseases of the Stroke 8820 Neurology Rehabilitation Medicine
Nervous System Aneurysmal Subarachnoid Neurosurgery,
Haemorrhage 8BO1.0 Neurology Emergency Medicine
Anaphylaxis 4A84 Allergy & Immunology Emergency Medicine
Pulmonology
Systemic Sclerosis 4A42 Rheumatology (Lung ﬁbros1s),
. Cardiology
Diseases of the ..
Immune System (Cardiac involvement)
¥s Nephrology
Systemic Lupus (Lupus Nephritis),
Erythematosus 44400 Rheumatology Cardiology
(Vascular Complications)
Dlseassle;nof the Atopic Dermatitis EAS80 Allergy & Immunology Dermatology
Ulcerative Colitis DD71 Gastroenterology Rl.leumatology
(Autoimmune-related)
Diseases of the Nonfllcoho'hc Fatty DB92.Z Gastroenterology EndoFrlnology
. . Liver Disease (Metabolic Syndrome)
Digestive System - -
Irritable Bowel Syndrome DD91.00 Gastroenterolo Psychiatry
with Constipation (IBS-C) ’ £y (Stress-related IBS)
Acute Pancreatitis DC31 Gastroenterology General Surgery
Certain Infectious .
Human Immunodeficiency . .
or . . . 1C62 Infectious Diseases Immunology
o Virus (HIV) Infection
Parasitic Diseases
Chronic ObStI‘.UCtIVG CA22 Pulmonology Internal Medicine
Diseases of the Pulmonary Disease
. Asthma CA23 Pulmonology Allergy & Immunology
Respiratory System Otorhinolaryngolo
Allergic Rhinitis CA08.0 Allergy & Immunology TYNEOIoeYy,
Pulmonology
Diseases of the . . - ..
Genitourinary System Acute Kidney Injury GB60 Nephrology Critical Care Medicine
Nephrology
Diabetes Mellitus 5A14 Endocrinology (Diabetes-related
Endocrine, Nutritional Kidney Disease)
or Cardiology
Metabolic Diseases Hypothyroidism SA00 Endocrinology (Atrial Flbrlll'atlon Risk),
Psychiatry
(Depression Link)

Table 3: List of 26 diseases consisting EPAG benchmark. Detailed classification of diseases including ICD-11
Chapter, ICD-11 Code, Primary Specialty, and Secondary Specialty are provided.

89



Patient Profile

Disease Name

Breast Cancer

Typicality Normal
Age 51
. . Sex Female
Basic Information Height 162cm
Weight 62kg
Location Left breast and adjacent axillary region
Quality Firm, irregular mass
Severity 4/10 (Mild pain but significant anxiety)
. Duration Approximately 3 months
History of Present Iliness Timing SIIi)ght variatio}rlls with menstrual cycle, discovered accidentally during routine examination
Context Detected by the patient herself during a routine breast examination
Modifying Factors Slight reduction in swelling post-menstruation, no specific alleviating factors
Associated Signs and Symptoms | Mild nipple discharge, slight fatigue, minimal pain
Family History No family history of breast cancer or similar cancers
Additional Information Previo.us Surgery or Illness No previous hislor}f of- breast-related surger-y or conditions - -
Lifestyle Changes No recent changes in lifestyle; the patient aims for early detection through screening

Health Check-ups

Regularly undergoes women'’s health check-ups

Left chest (pectoral region)

Pain Area - - - -
Left anterior acromio-clavicular region
Past Medical History No history of b?egst diseases
No other chronic illnesses
Office worker, full-time
Social History Non-smoker, drinks alcohol 1-2 times per week
Regular health check-ups and breast self-examination
Chief Complaint A firm lump in the left chest, causing anxiety

Acute Kidney Injury
Acute pancreatits

Allergic rhinitis

Anaphylaxis

Asthma

Atopic dermatitis

Atrial fibrillation

Breast Cancer

copp

Colorectal Cancer

Diabetes

Gastric Cancer

HIV Infection

Heart failure

Hypertrophic cardiomyopathy
Hypothyroidism

1BS-C

Lung Cancer

Nonalcoholic Fatty Liver Disease
PAD

Prostate Cancer

Stroke

Systemic Lupus Erythematosus
Systemic Sclerosis

Ulcerative Colitis

aSAH

Age Group (%)

Table 4: Sample patient profile with breast cancer.

BMI Category (%)

Smoking Status (%) Exercise Level (%)

100

Percentage within Disease (%)

Figure 6: Distribution of age group, BMI category, smoking status, exercise level of patients for each disease.
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Translated

You are a patient with the following profile:
{patient_information}

You should faithfully answer the doctor’s inquiries for an appropriate diagnosis. Choose one of the questions provided by the doctor and respond.

Output format:
Answer:

Table 5: Patient Agent Prompt

Original

**Prompt:**

Below is a set of consultation dialogues between a doctor and a patient with disease. The dialogue consists of the patient’s chief complaint, a few turns of questions, options, and answer triplets.
The questions and options are given by the doctor, and the answers are provided by the patient.

Your task is to organize the dialogue in a clear, information-based manner using bullet points. Each bullet point should contain only one piece of information.

This structured information is essential for diagnosing the patient’s condition, so make sure to extract as much relevant information as possible.

*#*Guidelines for Organizing:**

- Do not include the main symptom in the bullet points.

The main symptom is just for reference and should not be summarized in bullet points.

- Focus only on the information that can be inferred from the Question-Options-Answer triplets.

- Each bullet point must present only one piece of information.

- Avoid sentences with multiple clauses.

For example, instead of “The patient has cough and sputum,” break it down into two points:

“The patient has a cough” and “The patient has sputum.”

- Avoid using demonstrative pronouns (e.g., “this symptom”) and pronouns (e.g., “he/she”). Focus on the specific symptoms.
- Organize the information from the patient’s perspective, avoiding the doctor as the subject.

- Keep the language neutral and concise, stating only the facts shared by the patient.

- If the question asks about additional symptoms beyond the main symptom and the answer is that no other symptoms are present,
list each symptom option provided in the question and state that the patient does not have each of those symptoms.

For example, instead of "There are no other symptoms," specify each of the symptom option provided:

"There is no family history," "There is no weight loss," "There is no fever."

- Be precise and specific in organizing the information.

For example, if a question asks about "whether the patient has ever had any tests related to lumps or breasts,"

and the answer is "No," do not simply write "The patient has not had any tests."

Instead, write, "The patient has not had any tests related to lumps or breasts."

**Example**:
{examples}

**Input**
{input}

##*QOrganized Information:**

Table 6: Organizer Prompt
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Original

You are a medical/health expert. Below is a conversation between a disease patient and a doctor.

In this case, evaluate whether [the interview conversation (A)] effectively leads to the [key diagnostic elements (B)], which are pre-defined for specific diseases.
Here, (B) includes not only symptoms but also important elements such as past medical history, family history, and other disease diagnoses.

First, identify if (A) is relevant enough to disease and helpful in drawing out new information to diagnose disease given (H).

If not, output "Irrelevant/Redundant.”

If (A) is relevant to disease and helpful in drawing out new information to diagnose disease given (H),

determine whether each item in (B) can be identified through the interview conversation (A).

If two or more (B) items can be identified from (A), output the most relevant (B) item. If no (B) items can be identified through (A), output "None of above."

<Explanation of the provided information>

- **Dialogue History (H)**

This is a prior conversation between the patient and the doctor.

It includes the main symptom the patient reported, the questions the doctor asked to make a diagnosis, the options presented, and the patient’s answer.
Sometimes only the main symptom the patient complained about may be provided.

- **Interview Conversation (A)*
This consists of the questions and options the doctor asks the patient for diagnostic purposes.

The patient chooses one option from the given choices to respond.

- **Pre-defined Key Diagnostic Elements List (B)**

Example: Persistent Cough, Hemoptysis (Coughing up Blood), Dyspnea (Shortness of Breath), Chest Pain, Unexplained Weight Loss, Family History of Lung Cancer, Smoking History, etc.

<Important Notes>

1. **Evaluation Criteria**

- Check if the interview conversation (A) is designed to identify (B),

or if it directly helps to determine specific aspects of (B) such as the onset, duration, more exact location and frequency of symptoms.
- If (A) is related to an item in (B) but deviates from the patient disease which is disease, then output "None of above."
- Assess if the questions and options in (A) can effectively elicit relevant information related to (B) from the patient.
2. *#*Qutput Criteria** - Provide a brief Reason for

whether (A) can effectively elicit (B)-related information. Do not repeat the questions and options.

- The Reason should be up to two sentences.

- The Final Response should be either [(B) item] or "None of above." or "Irrelevant/Redundant."

- If multiple (B) items can be identified from (A), output only the one most directly related to (A).

If the relevance is judged to be the same, separate the related (B) items using "[OR]" and output them all.

- (H) is for reference only, so the evaluation should focus on whether (A) is related to (B).

#*Example®*:
{example}

(H):
{h}
(A):
{a}
(B):
(b}

Reason:

Table 7: Comparer Prompt

Original

You are a medical expert. Given ’patient_info’ and "medical_history’, output the suspected disease names in order of highest probability. Output your prediction in English in YAML format.

Instructions:

- Use only specific disease names related to the patient’s symptoms.

- Prioritize based on main symptoms, severity, duration, and answers given in the medical history.
- Exclude diseases that don’t match the responses or are too generic.

- List the diseases in order of highest probability first.

- Do not provide any extra explanation.

Output format:
Diseases:
- (probable diseases)

Table 8: Diagnostician Agent Prompt

Original

You are a medical expert. Given 'model_predictions’ and ’golden_standard’, decide if the predictions are correct. Output your reasoning in English in YAML format.

Instructions:

- Accept if the predicted disease is very similar to the actual one.

- Accept synonyms or other expressions for the same disease.

- Accept if the disease names include hierarchical (superior/inferior) relationships.
- Accept medical abbreviations as equivalent to official names.

- Allow regional/cultural expression differences.

- If at least one prediction is correct, consider it acceptable.

Output format:

Reasoning: |

(your reasoning in English)
Result: True/False

Table 9: Evaluator Prompt
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Diagnostic Guideline for Asthma

Patient Profile r )
Weight Symptom
Age: 51
Sex: Male high Shortness of Breath, Dyspnea |--._ -
C.C: I keep coughing and have difficulty breathing. high Cough N
high Chest Tightness
p N Turn 1 medium Abnormal Breath Sounds
Question: medium | Allergy-Associated Symptoms
When you cough, do you produce any sputum? : . \
Options: . J x ;
- Dry cough with no sputum A | :
- White or clear sputum 1 | '
- Yellow or green sputum v
- Red or brown sputum | :
L ( Organized Units ; :
Doctor Answer: H :
White or clear sputum score: - :
- weighted score: -
Patient 2 ;
* White or clear sputum is produced W < ',"
r \ Tum 2 { when coughing. )
Question: score: +1
When is your difficulty breathing worse? weighted score: +2
Options: ( W e
- Even when I am at rest « The difficulty in breathing worsens <
- When walking on flat ground —j—|> when walking on flat ground.
- When climbing stairs or going uphill \ /
- Only when I move quickly or exercise :
Doctor Answer: |

When walking on flat ground

HPI-Diagnostic Guideline
Comparison Score:
score: 5
weighted score: 8

Patient

Figure 7: Sample pre-consultation dialogue and HPI-diagnostic guideline comparison process. Given basic patient
information, including the chief complaint, the doctor asks questions and the patient selects answers from provided
options. The dialogues are organized into atomic units, each of which is compared against a pre-defined diagnostic
guideline. Units matching the guideline receive a score; those that do not are not scored.
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Patient Profile
{

"HE AS S A5 [UY (Triple-Negative
Inflammatory Breast Cancer)",

"Quality"; "I12HE3} e, mste]
"Severity": "7/10",,

= 5 R4S, Kol 7o Mol
A10] MAJS| AJZfE|o] 22 17HH Set
X|I4HOR ofstE. OFHol| S0l HL| R 17t
SR 5l
“Modifying Factor
Al LN BiSfEL, Fae| TR
“Associated Signs and Symptom

Patient Profile
{

"8 YESY WS Y RUY (Triple-Negative
Inflammatory Breast Cancer)",

Question

"Location’:

B2,

"Quality .

"Severity': " Optlons
“Duration’: "

k U K| L&/, X0l 247 o MeKE",
"FA0] MAM3]| A|ZtE0] 2|2 171 St

2 ot3HE. OF2lo 742 0l| 2Ll R M7t

"Modifying Factors'": "UFES! Rt} 34 & ALS
Al LA EtE|Lt Sdo Huby i

O Skxk RIEF S 71 Kb 201 AKSE 21 munien = e
oy,

Possible Disease

Figure 8: User interface used by human clinicians to simulate pre-consultation dialogues with patient agents. Given
the patient profile displayed on the left, clinicians generate questions and response options for the patient agent to
select. After each submission, the selected option is shown to the clinician, who then formulates the next question
and options. After a series of dialogue turns, clinicians provide a diagnosis of the possible diseases.
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Abstract

Multi-Agent Debate (MAD) frameworks im-
prove factual reliability in large language mod-
els (LLMs) by allowing agents to critique
and refine one another’s reasoning. Yet, ex-
isting MAD systems are computationally ex-
pensive and prone to degradation under pro-
longed debates due to redundant exchanges and
unstable judging. We propose a lightweight,
industry-deployable alternative that unifies Se-
lective Debate Initiation (SDI) with Evidence-
Weighted Self-Consistency (EWSC) for adap-
tive, debate-on-demand reasoning. SDI dy-
namically predicts when debate is necessary
by detecting confidence-likelihood misalign-
ment and semantic disagreement, skipping
well-aligned queries to conserve computation.
EWSC replaces a single-judge verdict with
a variance-aware, evidence-weighted aggrega-
tion across paraphrased evaluations, yielding
more stable factual judgments. Combined,
SDI and EWSC reduce token consumption by
nearly 50% while improving both accuracy and
calibration. Evaluated on BoolQ, CosmosQA,
and an internal QnA benchmark, our frame-
work achieves higher factual robustness and ef-
ficiency, demonstrating that scalable, epistemi-
cally reliable multi-agent reasoning is practical
for real-world LLM deployments.

1 Introduction

Large Language Models (LLMs) exhibit remark-
able reasoning and generation capabilities across
domains such as question answering, dialogue, and
summarization. However, despite their fluency,
they often produce hallucinations-confident yet fac-
tually incorrect or logically inconsistent statements
(Jietal., 2023; Lin et al., 2023). This gap between
linguistic confidence and epistemic reliability re-
mains a major obstacle to trustworthy deployment.

Recent efforts to mitigate hallucination have
explored both self-reflective and multi-agent rea-
soning paradigms. Single-agent methods such as

Swapnil Gupta
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Chain-of-Thought prompting (Wei et al., 2022)
and Self-Consistency (Wang et al., 2022) improve
intermediate reasoning but often reinforce over-
confident errors due to lack of external critique.
To introduce epistemic diversity, multi-agent de-
bate (MAD) frameworks (Liang et al., 2023; Du
et al., 2023) instantiate multiple LLMs that reason,
critique, and defend competing answers before a
judge model determines the final verdict. By ex-
posing reasoning disagreements, such frameworks
have shown improved factual grounding and inter-
pretability over independent generation.

Yet, existing debate systems face two persis-
tent limitations. First, they lack selectivity: most
frameworks debate every query indiscriminately,
even when the prompt is simple or unambiguous,
wasting computation and sometimes amplifying
noise. Second, they rely on fragile judges: prior
studies (Kadavath et al., 2022; Wang et al., 2024)
find that judges are prone to persuasion bias and
verbosity sensitivity, often favoring eloquence over
factual accuracy. Although confidence-weighted
variants such as CFMAD (Fang et al., 2025) par-
tially address overconfidence through score calibra-
tion, they still inherit inefficiencies and instability
from fixed-depth debates and single-judge evalua-
tion.

In parallel, another research line leverages log-
probability signals from LLMs to detect halluci-
nations and calibrate confidence. Methods such as
SelfCheckGPT (Manakul et al., 2023), LM-Detect
(Zhang et al., 2024b), and entropy-based scoring
(Zhou et al., 2024a; Li et al., 2024) demonstrate
that token-level likelihoods correlate with factual
reliability, providing lightweight uncertainty esti-
mates complementary to debate-driven reasoning.

Motivated by these insights, we revisit the ar-
chitecture of multi-agent reasoning through two
guiding principles: (1) debates should occur only
when necessary, and (2) judgments should inte-
grate multiple calibrated signals rather than depend
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on a single textual verdict. We present an improved
framework that unifies selective debate initiation
with a robust multi-signal judging ensemble, en-
abling debate-on-demand reasoning that is both
efficient and epistemically grounded.

Our results show that selective debate reduces
token usage by up to 50% without sacrificing ac-
curacy, while robust judgment mechanisms sig-
nificantly enhance factual stability across para-
phrased and adversarial settings. Together, these
findings demonstrate that multi-agent reasoning
can be made both scalable and trustworthy-paving
the way for principled, self-regulating LLM reason-
ing systems.

2 Related Work

Single-Agent Reasoning. Early research on
large language model (LLM) reasoning primarily
sought to enhance single-agent inference through
explicit intermediate reasoning. Wei et al. (2022)
introduced Chain-of-Thought (CoT) prompting,
enabling step-by-step decomposition of complex
queries. Wang et al. (2022) proposed Self-
Consistency, which samples multiple reasoning
paths and aggregates their conclusions to im-
prove robustness. Further extensions such as Self-
Contrast (Wang et al., 2023) and Reflexion (Shinn
et al., 2023) introduced self-critique and iterative
revision mechanisms, improving reasoning depth
and self-calibration. Despite these advances, single-
agent methods remain constrained by limited epis-
temic diversity, often reinforcing confident but in-
correct reasoning patterns.

Multi-Agent Debate Frameworks. To over-
come the confirmation bias of single models, multi-
agent debate (MAD) frameworks employ multiple
LLMs that engage in adversarial or cooperative
reasoning to reach consensus. Liang et al. (2023)
formalized the debate setup, showing that inter-
action among agents enhances factual grounding
and interpretability. Du et al. (2023) demonstrated
that multi-agent discussion can outperform single
reasoning chains, particularly on complex tasks re-
quiring argumentation. Fang et al. (2025) proposed
Counterfactual MAD (CFMAD), which diversifies
viewpoints through counterfactual stance prompt-
ing but remains sensitive to debate length and judge
variability. Cui et al. (2025) introduced Free-MAD,
aggregating reasoning trajectories rather than rely-
ing on a single judge decision to reduce bias. Nev-
ertheless, current debate frameworks often debate
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every query indiscriminately, leading to substantial
computational cost and occasional semantic drift
during long exchanges.

Judge Models and Calibration. The final deci-
sion in multi-agent reasoning is typically made by a
Jjudge model, which evaluates the persuasiveness or
factual accuracy of competing responses. However,
prior studies show that such judges are often un-
calibrated, exhibiting overconfidence and linguis-
tic sensitivity (Kadavath et al., 2022; Lin et al.,
2023; Sircar et al., 2022). Recent work explores
various judge training or aggregation schemes to
improve reliability-such as debate summarization
(Yang et al., 2024), chain-of-verification (Chen
et al., 2023), and cross-examination frameworks
(Wang et al., 2024)-yet challenges remain in en-
suring consistent and unbiased judgments across
perturbations or contexts.

Log-Probability-Based Hallucination Detection.
Another active line of work leverages token-level
or sequence-level log probabilities from LLMs
to estimate confidence and detect hallucinations.
Manakul et al. (2023) introduced SelfCheckGPT,
which compares multiple generations to identify
statements with low likelihood agreement. Si et al.
(2023) and Zhou et al. (2024a) demonstrated that
predictive entropy and log-probability differentials
correlate with factual correctness. Zhang et al.
(2024b) and Li et al. (2024) extended this idea
by combining likelihood signals with semantic sim-
ilarity metrics for open-domain QA and summa-
rization. These studies highlight the potential of
internal probability signals as lightweight proxies
for epistemic calibration and truthfulness assess-
ment in LLMs.

3 Methodology

Our framework improves the reliability and effi-
ciency of multi-agent reasoning by introducing two
core innovations: (1) a Selective Debate Initiation
(SDI) module that decides when to invoke debate
based on measurable epistemic uncertainty, and (2)
an Evidence-Weighted Self-Consistency (EWSC)
mechanism that stabilizes the final judgment with-
out additional parameters or training. Together,
these components reduce hallucination while cut-
ting redundant computation by over 50% compared
to full multi-agent debate (CFMAD).
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Figure 1: Overview of SELENE

3.1 Overview

Given a user query ¢, a set of LLM agents
{41, Ag, ..., An} independently generate candi-
date responses {ri,r,...,7n} with associated
self-estimated confidences ¢; € [0, 1]. Unlike CF-
MAD(Fang et al., 2025), which initiate debate for
every query, our system first invokes a lightweight
gating stage that estimates epistemic uncertainty
before deciding whether debate is necessary. If
the responses are well-aligned and calibrated, the
system terminates early with a consensus output;
otherwise a bounded multi-turn debate is initiated,
and the refined outputs are passed to a robust judge.

3.2 Selective Debate Initiation (SDI)

CFMAD mitigates hallucination by enforcing de-
bate across all queries-robust but computationally
expensive. We introduce Selective Debate Initia-
tion (SDI), a gating mechanism that triggers debate
only when uncertainty is detected, based on two
interpretable signals: (1) semantic disagreement
among agents, and (2) confidence misalignment
between expressed and intrinsic beliefs.

Motivation. Large language models (LLMs) nat-
urally vary their reasoning depth: simple queries
elicit fast responses, while ambiguous ones trigger
extended reasoning (Wu et al., 2025). SDI exter-
nalizes this behavior by using measurable signals
to decide when to debate or skip.

Core Signals. Each agent A; produces an answer
r; € {Yes, No}, an expressed confidence ¢; € [0, 1],
and a log-likelihood ¢; =log pg(r;|q). We encode
its reasoning trace as:

E(r;) = Ency([ ¢; rationale;; r;]) € RY, (1)
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where Ency captures the semantic trajectory of the
agent’s rationale and answer.

Semantic Disagreement (D). To measure how
agents diverge in reasoning, we compute pairwise
cosine distances between their embeddings:

D= N(N2—1) S [1 = cos(E(ri), E(ry)].

i<j

(@)
High D indicates semantic divergence; low D sug-
gests shared reasoning.

Confidence Misalignment ()/). Each agent’s
self-reported confidence c¢; may deviate from its
intrinsic probability o (¢;) (Refer to Appendix C on
how to retrieve it), obtained via a sigmoid transfor-
mation:

1N
M:N;‘ci—a(&)‘. 3)
A high M reflects overconfidence-where stated
certainty exceeds internal likelihood. Conversely,
when both ¢; and o (¥¢;) are low and closely aligned,
M approaches zero, indicating collective uncer-
tainty rather than confidence.

Decision Logic. SDI combines both signals:

* Low D, low M: agents agree and are well-
calibrated = skip debate.

* High D or high M: semantic or epistemic
uncertainty = trigger debate.

Efficiency. All quantities are derived from a sin-
gle forward pass per agent. Let pgebate be the frac-
tion of queries that trigger debate. The expected
cost is:

E [COSt] = DPdebate (0] (NTmax) + ( 1 *pdebate) 0] (N) 3
4)



where T1,.x (= 3) is the maximum debate rounds.
Empirically, pgebate = 0.5, reducing token usage by
~40-50% relative to CFMAD while maintaining
comparable factual accuracy (see Table 1).

3.3 Multi-Agent Debate and Refinement

CFMAD improves factuality through adversarial
exchanges among agents but degrades after a single
round due to semantic drift (Fang et al., 2025). We
retain its structure but enforce early stopping based
on semantic stability to make sure we have arrived
at a consensus:

r = By (rD (D 1 £}, q),
AD® = pt=b _ p®

(%)
(6)

The debate halts once AD(") < ¢, ensuring each
turn adds novel information without rhetorical in-
flation. Final hypotheses {TET)} are then judged.

3.4 Robust Judging via Evidence-Weighted
Self-Consistency (EWSC)

The final stage of multi-agent reasoning demands
not mere aggregation but judgment-determining
which argument remains valid under uncertainty.
CFMAD employs a single-judge verdict after de-
bate, but such decisions can be brittle: minor varia-
tions in phrasing, verbosity, or evidence order can
sway the outcome (Wang and et al., 2024). In our
framework, when the Selective Debate Initiation
(SDI) gate detects low uncertainty or clear evidence
alignment, the debate is skipped and the query is
routed directly to a single CFMAD-style judge. For
ambiguity-heavy cases, a more robust ensemble
mechanism-Evidence-Weighted Self-Consistency
(EWSC)-is invoked to ensure factual stability un-
der evidence perturbations.

Motivation. LLM judges often exhibit high vari-
ance across repeated evaluations of the same query
when evidence is perturbed (Wang and et al., 2024;
Zhou et al., 2024b; Khandelwal et al., 2023). This
inconsistency correlates with factual unreliability,
suggesting that epistemic robustness can be esti-
mated through judgment stability. EWSC formal-
izes this idea: if a response remains consistent
across evidence variants, it is deemed more reli-
able. Reducing this variance aligns the final deci-
sion with probabilistic consistency, yielding more
calibrated verdicts.
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Mechanism. Given candidate responses {TZ(T)}
and evidence I?;, EWSC performs K parallel judg-
ments:

s = Jo(ri", RP

? q

),

where R((Ik) is a paraphrased or subset-sampled vari-
ant of R,. Each sgk) € [0,1] denotes the judged
correctness of r; under variant k. Constraining
sgk) € [0,1] ensures consistent and comparable
judgments across evidence variants, normalizing
the judge’s confidence scale. This bounded range
stabilizes EWSC aggregation, allowing variance
to meaningfully capture judgment reliability rather
than magnitude drift. EWSC aggregates these via
a variance-weighted consensus:

S — ok Sgk) e Varnlsd
v ij eraIk [Sl] ’

assigning higher weight to stable, low-variance
judgments. The final verdict is

7 = arg max .S,
(2

ensuring that consistently supported responses
dominate while noisy ones are downweighted.

Hlustrative Example. For the query “Did
Galileo invent the telescope?”, two agents pro-
pose: r1: “Yes, in 1609,” and r3: “No, he im-
proved a Dutch design (1608).” Across K =3 ev-
idence variants, sgk) = 10.9,0.4,0.6] and sgk) =
[0.88,0.91,0.90]. Although r; attains high confi-
dence once, its variance (0.056) signals instability,
whereas ro’s variance (0.001) indicates robustness.
EWSC thus selects ro, aligning with findings that
low-variance judgments correlate with factual reli-
ability (Wang and et al., 2024; Zhou et al., 2024b).

Parallelization and Efficiency. EWSC executes
all K judgments in parallel-each on a separate GPU
or API thread-adding only a constant-factor cost:

O(Tiax) = O(KTax)s

with K = 3 sufficient in practice. This yields a
lightweight ensemble that balances diversity (via
evidence perturbation) and stability (via variance
weighting), capturing over 95% of the achievable
robustness gain with minimal latency.

Integrated Efficiency. EWSC and SDI jointly
optimize cost-accuracy trade-offs. SDI filters



Method Debate Rnds. Judge Passes Token Cost (x) Method BoolQ (%) CosmosQA (%) Internal-QnA (App)
CFMAD (base) 2.0 1 3.7 SA (baseline) 71.8 61.3 -

SDI only 0.8 1 1.7 CoT 78.5 68.1 +5.5
EWSC only 2.0 3 4.1 Self-Contrast 81.1 69.3 +7.1
SDI + EWSC (ours) 0.8 3D 1.9 Self-Consistency 80.8 70.0 +6.8
MAD 82.3 72.8 +8.4
. o CFMAD 83.8 74.3 +10.6
Table 1: Token efficiency. SDI eliminates ~60% of de- SELENE 84.9 755 +14.7

bates, halving cost. EWSC adds three parallel (||) judge
passes with negligible latency overhead, improving ver-
dict stability and calibration.

~50% of low-uncertainty queries for direct single-
judge resolution, while EWSC governs the remain-
ing complex cases. Despite multiple judgments,
parallel execution keeps latency near real time
while substantially improving factual calibration.

4 Experiments and Results

In this section, we present comprehensive ex-
periments across established benchmarks in fact-
checking, reading comprehension, and common-
sense reasoning, along with a proprietary internal
dataset used to benchmark overall performance and
robustness.

4.1 Baselines

We evaluate our approach against representative
reasoning and debate paradigms discussed in Sec-
tion 2. These include the Single-Agent (SA)
model for zero-shot inference, Chain-of-Thought
(CoT) reasoning for explicit stepwise deduction,
and self-reflective methods such as Self-Contrast
(SC) (Zhang et al., 2024a) and Self-Consistency
(SCON) (Wang et al., 2022), which enhance
robustness through internal critique or voting.
Among multi-agent frameworks, we compare with
MAD (Liang et al., 2023) and CFMAD (Fang et al.,
2025), both of which employ inter-agent debates
but suffer from fixed-length interactions and single-
judge fragility.

4.2 Datasets and Metrics

We evaluate our framework on three QA-style
benchmarks (Verma et al., 2025) spanning factual,
and commonsense reasoning along with an inter-
nal dataset to improve the catalog quality. BoolQ
tests factual grounding through binary question an-
swering, while CosmosQA focuses on causal and
commonsense inference in everyday scenarios, and
Internal-QnA, a 20K-sample proprietary dataset,
evaluates factual ambiguity and long-debate cali-
bration within an e-commerce catalog context; For
internal dataset, we report only the incremental
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Table 2: Accuracy (%) on public benchmarks (BoolQ,
CosmosQA) and relative improvement (A pp) on the
proprietary Internal-QnA dataset. Absolute scores for
Internal-QnA are omitted due to disclosure policies.

lift over the base methodology, omitting absolute
scores due to disclosure policy. Evaluation metrics
include factual accuracy (1) i.e. reducing inaccu-
rate answers, token cost ({; normalized to Single-
Agent inference = 1x), and judge stability (7).

4.3 Implementation Details

All experiments use GPT-4-turbo-2025-04-09 via
Open AI API call (log probs are only available
via API call) as the backbone LLM with stan-
dardized prompts across methods (details in Ap-
pendix B). Also, we also benchmarked SELENE
on other LLMs (GPT-40-mini/Claude 3 Haiku) to
measure the effectiveness of our approach (details
in Appendix A). Inference parameters are fixed
at temperature 0.3 and top-p 0.9, except for Self-
Consistency (Wang et al., 2022), which uses tem-
perature 1.0 to enhance reasoning diversity. SDI
thresholds (71, 72) are tuned on a small BoolQ-
Internal-QnA validation set, and EWSC employs
K = 3 parallel judgment passes with paraphrased
evidence. All runs use the OpenAl API, and token
cost is reported relative to Single-Agent inference
(1.0x baseline).

Findings. SELENE consistently outperforms all
baselines across factual and commonsense QA
datasets, improving over CFMAD by +1.1 pp on
BoolQ and +1.2 pp on CosmosQA. On the confi-
dential Internal-QnA dataset, it yields a +14.7 pp
improvement relative to the SA baseline, demon-
strating superior handling of long-context and
ambiguity-heavy reasoning scenarios without in-
creasing model size or inference cost.

5 Ablation Studies

We see the impact of SELENE on the overall per-
formance but to quantify the contribution of each
component in SELENE, we perform stepwise abla-
tion of each of the two components i.e. Selective
Debate Initiation (SDI) module, followed by the



Dataset Method Skip Rate  Accuracy on Skipped  Token Cost (x)

BoolQ CFMAD 0% 83.6% 37x
SDI (ours) 58% 82.1% 1.4x

c . CFMAD 0% 74.8% 3.7x
0smosQ SDI (ours) 43% 73.2% 1.8x
CFMAD 0% - 3.9x

Internal-QnA— opyr gurs) 27% 0.8% 2.1x

Table 3: Comparison of SDI (ours) and CFMAD. Fac-
tual datasets such as BoolQQ show the highest skip rate,
whereas ambiguous Internal-QnA queries still trigger
debate, ensuring reliability where needed.

Method BoolQ CosmosQA  Internal-QnA
CFMAD 81.2 74.5

EWSC (ours) 86.1 80.2

Gain over CFMAD +4.9 +5.7 +7.7

Table 4: Performance on long-debate queries (>2
rounds).

Evidence-Weighted Self-Consistency (EWSC)
judge and compare their impact w.r.t CFMAD for
it’s best performance across all the datasets.

5.1 Effectiveness of Selective Debate Skipping

To assess whether SDI’s gating mechanism reduces
redundant computation without degrading accuracy,
we measure the proportion of queries that bypass
debate and compare their outcomes to fully debated
cases. Queries are partitioned into two categories:
(a) Skipped-low semantic disagreement (D < 71)
and low misalignment (M < 79); (b) Debated-all
remaining queries that trigger multi-agent reason-
ing. Table 3 shows that skip-debate decisions lead
to a slight dip accuracy while reducing token us-
age by over 50%. Compared to CFMAD, which
debates every query, SDI dynamically bypasses 30-
60% of low-uncertainty cases, cutting computation
(3.7x — 1.8x) with only a marginal 0.8-1.5 per-
centage point drop in accuracy. This demonstrates
that SDI performs informed triage-debating only
when necessary to maintain factual robustness.

5.2 Performance on Longer Debates

We further examine performance as a function
of debate depth (Table 4). For queries requiring
more than two reasoning rounds, EWSC deliv-
ers substantial accuracy gains, demonstrating its
robustness in resolving ambiguous and evidence-
intensive cases.

5.3 Judge Stability Analysis

To evaluate EWSC under evidence perturbations,
we measure Judge Stability (1), the consistency of
final decisions across K =3 paraphrased evidence

Method BoolQ CosmosQA Internal-QnA
CFMAD (base) 0.84 0.79 0.72
SELENE (SDI +EWSC)  0.93 0.89 0.88

Table 5: Judge Stability (1) under paraphrased evi-
dence perturbations. EWSC markedly improves stability
across all datasets, with the largest gains on Internal-
QnA, where longer debates amplify judgment variance.

variants, defined as 1 — Var(sl(k)), averaged across

all questions, where higher values indicate more
consistent judgments across perturbations(Refer
to Table 5). Unlike CFMAD’s single-judge setup,
which is highly sensitive to phrasing, EWSC aggre-
gates and weights consistent judgments, improving
stability by 9-16 points-most notably on Internal-
QnA-while using the same perturbation budget.

5.4 Summary

Across multiple datasets, our approach achieves
the optimal balance between accuracy and effi-
ciency. SDI dynamically allocates reasoning ef-
fort, reducing computation by approximately 50%,
while EWSC enhances judgment stability in ex-
tended debates-most notably on long-context inter-
nal tasks. Together, they extend CFMAD into a
scalable, debate-on-demand reasoning framework
that remains both computationally efficient and
epistemically reliable.

6 Conclusion

We introduced SELENE, a selective and evidence-
aware framework for multi-agent reasoning that
improves factual reliability without excessive com-
putation. Unlike prior systems that debate on every
query, SELENE combines two modules-Selective
Debate Initiation (SDI) and Evidence-Weighted
Self-Consistency (EWSC)-to adaptively balance
efficiency and robustness. SDI triggers debate only
under high epistemic uncertainty, while EWSC
stabilizes final judgments by emphasizing low-
variance, evidence-aligned decisions.

Together, these mechanisms form a reflective
loop that emulates human deliberation: reason con-
cisely when confident and deliberate when uncer-
tain. Empirically, SELENE reduces redundant de-
bate by over 50% while improving factual accuracy
across benchmarks, demonstrating that adaptive
coordination-not exhaustive interaction-is key to
scalable and trustworthy reasoning. Future work
will extend this paradigm to open-domain retrieval
and long-context settings for further robustness.
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7 Limitations

While our framework substantially improves fac-
tual robustness and computational efficiency over
existing multi-agent debate systems, it has two no-
table limitations.

First, the selective debate gating (SDI) relies
on confidence-likelihood signals derived from
model logits, which may vary across architectures
or fine-tuning setups. Although these signals gen-
eralize well on GPT-4 class models, calibration
drift could affect threshold stability when applied
to smaller or instruction-tuned LL.Ms.

Second, the framework still depends on multi-
turn debate for highly ambiguous or evidence-
rich queries-particularly those in our Internal-QnA
dataset, where longer debates remain necessary to
converge on factual consensus. While our early-
stopping and variance-based judging mitigate se-
mantic drift, future work could explore reinforce-
ment or retrieval-augmented feedback loops to
shorten these deep-debate cases further.

Overall, these limitations primarily concern
scalability and cross-model generalization rather
than conceptual soundness, and they point toward
promising directions for adaptive thresholding and
retrieval-informed reasoning in future research.
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A Cross-LLM Robustness Evaluation

To assess the generalizability of SELENE across
different reasoning backbones, we extended our
evaluation to two additional large language models-
GPT-40-mini (OpenAl, 2025) and Claude 3
Haiku (Anthropic, 2024). Both models provide
token-level log-probabilities through their public
APIs, enabling introspective confidence scoring
during the reasoning process. This allows SE-
LENE’s self-evaluative and contrastive modules
to operate consistently across architectures.

Discussion. SELENE consistently outperforms
CFMAD across both LLMs, with an average gain
of +2.0 points and the largest improvement on
Internal-QnA (+8.4). This robustness indicates

Model Method BoolQ CosmosQA Internal-QnA
CFMAD 84.1 74.0 -
GPT-40-mini SELENE 85.4 76.1 -
A (vs CFMAD) +1.3 +2.1 +8.6
CFMAD 83.2 73.5 -
Claude 3 Haiku SELENE 84.6 75.7 -
A (vs CFMAD) +1.4 +2.2 +8.2

Table 6: Cross-LLM comparison of accuracy (%) on
Bo0olQ, CosmosQA, and Internal-QnA. Both GPT-4o-
mini and Claude 3 Haiku expose logprobs via API, fa-
cilitating consistent introspective evaluation. SELENE
maintains its advantage across all tasks, confirming ro-
bustness to underlying model variance.

that SELENE’s reflective modules-self-contrast
and noise-aware reasoning-generalize effectively
across architectures supporting log-prob introspec-
tion, highlighting the framework’s model-agnostic
adaptability.

B Prompt Flow and Implementation
Details

All prompts are executed using GPT-4-Turbo-2025-
04-09 with temperature = 0.3 and top-p = 0.9. Each
box below shows the actual prompt used in SE-
LENE at various stages.

Instruction:

You are an expert reasoning agent. Decompose your
thought process to expose your reasoning path. Provide:
(1) a Yes/No answer, (2) a structured reasoning trace show-
ing key evidence and intermediate logic, (3) your confi-
dence score (0-1).

Example:

Q: Can penguins fly?

A: No. [Reasoning Path: Penguins are birds — most birds
fly — but penguins evolved for swimming, not flying.]
Confidence: 0.91

Instruction: You are participating in a factual debate.
Each member has already provided an initial answer to
the question. Your goal is to improve your reasoning
and refine your final answer through evidence-based
discussion.

Debate Rules:

1. You will see the question, your previous answer, and
the responses of other members.

2. Compare their reasoning and evidence with your own.
3. Identify any factual errors, unsupported claims, or
missing considerations.

4. Revise your answer if you find stronger evidence or
more consistent reasoning.

5. Focus strictly on factual accuracy - not style, length, or
rhetorical persuasion.

6. Keep reasoning concise (2-4 sentences).
repetition or emotional language.

7. Each round aims to reduce disagreement and reach a
stable consensus.

Avoid
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At the end of your turn, output your revised reasoning.

Example:

Question: Can penguins fly?

Your previous answer: "Yes, penguins are birds."

Other agents said:

- Agent B: "No, penguins are flightless birds."

- Agent C: "They use wings for swimming, not for flight."
Revised answer: "No, penguins are flightless birds that
use their wings for swimming."

Instruction: You are a factual judge. Your goal is to
evaluate how factually correct a model’s answer is with
respect to the given evidence.

You will receive:

(1) A question (user query),

(2) A candidate answer from one reasoning agent, and
(3) A set of evidence snippets (which may be paraphrased
or partially sampled).

Your task:

- Read the evidence carefully.

- Determine whether the answer is factually supported,
contradicted, or not covered by the evidence.

- Assign a factual correctness score between 0 and 1.

Be consistent: ignore stylistic or phrasing variations
across evidence versions. Focus only on factual alignment.

Example:

Question: Did Galileo invent the telescope?

Candidate Answer:

Yes, Galileo invented the telescope in 1609.

Evidence:

- The first practical telescopes were built in the Nether-
lands in 1608.

- Galileo improved the design and used it for astronomy.
Analysis:

The evidence contradicts the claim that Galileo "invented"
the telescope - he refined an earlier Dutch design. The
answer shows partial relevance but factual inaccuracy.
Factual correctness score:

0.4

C Logit Retrieval via API

To extract model logits for downstream calibration
and confidence scoring, we include the logprobs
parameter in the API call. If set to a positive integer
K <5, the API returns the log-probabilities of the
top K tokens at each generation step (Hills and
Anadkat, 2023). Below is an example using the
OpenAl Python client:

import openai
openai.api_key = "YOUR_API_KEY"

response = openai.ChatCompletion.create(
model="gpt-40-mini”,

messages=[
{
"role"”: "system",
"content”: "You are a helpful assistant.”

"role": "user",
"content”: "QUESTION_PROMPT_HERE"
3
dp
max_tokens=1,
temperature=0.0,
logprobs=5,
top_logprobs=5
)

# The response object includes:

# response.choices[@].logprobs.token_logprobs

#  response.choices[@].logprobs.top_logprobs

# These correspond to logp(token | context).

log_probs = response.choices[0].logprobs.token_logprobs

The extracted log-probabilities ¢; = log pg(r; |
q) are converted into calibrated probabilities us-
ing o(¢;) = 1/(1 + e~%), which supports our
confidence-alignment analysis.

C.1 Qualitative Examples

To illustrate how SELENE adapts reasoning depth
to question difficulty, we present qualitative cases
drawn from the BoolQ and Internal-QnA datasets.

 Trivial factuality (skip debate): “Is Mount
Everest the highest mountain in the world?”
- All agents output “Yes” with high align-
ment (D = 0.03) and low miscalibration
(M = 0.05). SDI detects stable consensus
and terminates early, avoiding unnecessary
debate while achieving 100% accuracy.

* Hidden overconfidence (debate triggered):
“Can penguins fly?” - Two agents initially re-
spond “Yes” citing that penguins are birds
(¢; > 0.9, o(¢;) < 0.5), showing high over-
confidence. One agent correctly answers “No.”
The resulting D = 0.48 and M = 0.42
exceed thresholds, prompting a full debate.
Through cross-argumentation (‘“Penguins are
flightless birds adapted for swimming”), con-
sensus converges to the correct “No.”

* Ambiguous causality (multi-hop reason-
ing): “Was Marie Curie’s discovery related
to an element used in cancer treatment?” -
Initial disagreement arises between “Yes (ra-
dium used in radiotherapy)” and ‘“No (Curie
did not directly develop treatment).” SDI trig-
gers a multi-hop debate referencing scientific
evidence chains (Curie — Radium — Radio-
therapy). EWSC then aggregates stable, low-
variance judgments across paraphrased evi-
dence to yield the correct “Yes.”

* Long-debate internal reasoning (Internal-
QnA): “Is a product eligible for free replace-
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ment if delivered without warranty card?”
- Agents diverge semantically due to policy
exceptions. SDI initiates extended debate
(T = 3), and EWSC consolidates consistent
evidence-based answers (“Yes, if purchase is
verified via invoice”), improving factual accu-
racy in ambiguous policy questions.

These cases show that SDI effectively skips low-
uncertainty questions while EWSC stabilizes multi-
turn reasoning under disagreement or overconfi-
dence, together yielding both computational effi-
ciency and factual robustness.

D Algorithm

Algorithm 1 Selective Debate Initiation (SDI) +
Evidence-Weighted Self-Consistency (EWSC)
Input: Query g, agents {A1,..., Ax}, evidence Ry

Output: Final judged answer r*
1: // Stage 1: Initial Reasoning

2: for each agent A; do

3: Generate answer 7; € {Yes, No} with confidence ¢;

4: Compute ¢; = log pe(ri|q) and embedding E(r;) =
Enco ([g; 7))

5: end for

6: // Stage 2: Compute Epistemic Signals

7: D «+— mziq[lfcos(E(ri),E(rj))] >

semantic disagreement
8: M + &> .|ci —o(€;)] > calibration misalignment
9: // Stage 3: Selective Debate Decision
10: if D < 7p and M < 1) then

11: Skip debate: adopt consensus response 7+

12:  Single-judge decision: 7* < Jo(r™, R,)

13: return r”* > direct resolution via single judge
14: else

15: Trigger debate:

16: for t = 1 to Trmax do

17: for each agent A; do

18: TEH_D +— Fy, (rgt), {rj(-t) 1j#i},q)

19: end for

20: Compute AD® = D= _ p®

21: if AD®| < ¢ then

22: break > stop when semantic stability reached
23: end if

24: end for

25: end if

26: // Stage 4: Robust Judging (EWSC)

27: for each final response TET) do
28: for k =1to K do

29: Sample perturbed evidence R,gk)
30: s Jo(r™ R
31: end for

S Sgk)e—vﬂk[si]

32: Si > variance-weighted

>k e~ Varg [s4]
consensus
33: end for
34: return r* = arg max; S; > final stable judgment
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Abstract

We introduce SymPyBench, a large-scale
synthetic benchmark of 15K university-level
physics problems (90/10% train/test split).
Each problem is fully parameterized, support-
ing an effectively infinite range of input con-
figurations, and is accompanied by structured,
step-by-step reasoning and executable Python
code that produces the ground-truth solution
for any parameter set. The benchmark contains
three question types: MC-Symbolic (multiple-
choice with symbolic options), MC-Numerical
(multiple-choice with numerical options), and
free-form (open-ended responses). These di-
verse formats test complementary reasoning
skills. By leveraging the dynamic, code-driven
nature of the benchmark, we introduce three
novel evaluation metrics in addition to standard
accuracy: Consistency Score, Failure Rate, and
Confusion Rate, that quantify variability and
uncertainty across problem variants. Experi-
ments with state-of-the-art instruction-tuned
language models reveal both strengths and
limitations in scientific reasoning, positioning
SymPyBench as a foundation for developing
more robust and interpretable reasoning sys-
tems.

1 Introduction

Large Language Models (LLMs) have demon-
strated impressive capabilities across a wide range
of natural language processing tasks (Kojima et al.,
2022; Anthropic; Bai et al., 2023; Grattafiori et al.,
2024). Despite this progress, their proficiency in
domain-specific, structured reasoning, particularly
within scientific disciplines such as physics, re-
mains limited (Ahn et al., 2024; Lewkowycz et al.,
2022; Chang et al., 2024).

Solving physics problems requires the integra-
tion of multiple reasoning steps, the precise appli-
cation of physical laws, and careful mathematical
rigor (Larkin and Reif, 1979; Hegde and Meera,
2012; Reif and Heller, 1982). While existing bench-

marks are valuable for evaluating factual recall and
fundamental scientific knowledge, they do not fully
capture the complexity of structured, step-by-step
reasoning that is essential in physics and related
domains!. Moreover, these benchmarks do not
support systematic variation of numerical param-
eters or linguistic formulations, which limits their
ability to effectively evaluate and audit model per-
formance.

To address these limitations, we introduce
SymPyBench, a dynamic benchmark for physics-
based reasoning comprising 15,045 problem in-
stances paired with executable Python code. Our
contributions are:

Dynamical Generalization. SymPyBench fea-
tures systematically parameterized physics prob-
lems, where each question can be instantiated
with varied input variables. Every instance is
accompanied by step-by-step reasoning and exe-
cutable Python code that produces the correspond-
ing ground-truth solution. The benchmark in-
cludes three question types that test complemen-
tary reasoning skills. MC-Symbolic questions are
multiple-choice with symbolic options and primar-
ily evaluate symbolic and algebraic reasoning. MC-
Numerical questions are multiple-choice with nu-
merical answers, testing a model’s ability to per-
form calculations and apply formulas accurately.
[free-form questions are open-ended and assess the
model’s ability to generate solutions without any
hints, often involving multiple sub-questions or in-
termediate steps. An example of our benchmark is
shown in Figure 1.

Metrics Beyond Accuracy. SymPyBench en-
ables systematic evaluation of LLMs through con-
trolled perturbations of problem inputs and lin-
guistic expressions, allowing researchers to probe
model behaviors and reveal reasoning patterns. Un-

"Examples from prior benchmarks in Appendix 11.
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Question

A DC winch motor is rated at {I} with a voltage of {V}. When the motor operates at its maximum power,
it can lift an object with a weight of {F} a distance of {d} in {t} at a constant speed. (a) What is
the power consumed by the motor? (b) What is the power used in lifting the object? Ignore air
resistance. (c) Assuming that the difference in the power consumed by the motor and the power used to
1ift the object is dissipated as heat by the motor's resistance, estimate the resistance of the motor?

Inputs_1={ Inputs_2 ={ Inputs_3 = { Inputs_N={
1: [23.7, "A"], 1:[18.7,"A"], 1:[17.4, "A"], IZ.UG'O’ .
V:[128.0, "V"], V:[105.0, "V"], V: [114.0, "V"], V:[126.0, "V"],
F:[4200.0, "N"], F:[4660.0, "N"], F: [4760.0, "N"], e o e F:[3460.0, "N"],
d: [6.44, "m"], d:[6.23,"m"], d: [7.63, "m"], SB[k, it
t:[30.7, "s"] t:[22.3,"s"] [19.2, "s"] t:[25.6, "s"]
} } } }
= Ans={
el . Ans={ sy . "P_motor": [2016.0, "W"],
P_motor": [3033.6, "W"], "P_motor": [1438.5, "W"], P_motor": [1983.6, "W"], "P_lifting": [1378.6, "W"],
“P_lifting": [881.0, "W"], "P_lifting": [1301.8, "W"], "P_lifting": [1891.6, "W"], L] "R [2.48, "0")
"R":[3.83,"Q"] "R [0.72, Q"] "R":[0.31,"Q"] }
} } }
Reasoning Python Code
Extract the Key Information
import sympy as sp
+  The motor is rated at a current of I = I and a voltage of V = V. from pint import UnitRegistry
* The motor lifts an object with a weight of F' = F a distance of d = d int = t at a constant
speed. # Initialize unit registry
ureg = UnitRegistry()
«  Airresistance is negligible. Q_ = ureg.Quantity
* The motor's resistance is to be determined based on the power dissipation.
def motor_power_calculations(l, V, F, d, t):

Develop the Mathematical Model Perform Calculations

«  Power consumed by the motor: s Calculate Bodor = IV
Pmotor = IV

d
o . e Calculatev = t
< Power used in lifting the object:

Pitting — Fo where v — & « Calculate Plifting = Fy
-+ Power dissipated as heat:

Prissipated — Protor — Plifting i
¢ Calculate R = Iz

* Resistance of the motor:
Piissipated

R="T

Dimension Consistency
¢ Pmotor, Plifting, and Pdissipated all have units of watts (W)

« Resistance R has units of ohms (Q)

Reasonableness Check
Pumotor should be greater than Plifting, since some energy is lost as heat

* Resistance R should be a positive, realistic value

Interpret the Answer

* The motor’s total electrical power input is used partly for mechanical work and partly dissipated

| =Q_(l).to(ureg.ampere

V =Q_(V).to(ureg.volt)

F = Q_(F).to(ureg.newton
d=Q_(d).to(ureg.meter)

t=Q_(t).to(ureg.second)

* Calculate Pdissipated = Pmotor — Plifting

I =l.magnitude
V =V.magnitude
F = FE.magnitude
d =d.magnitude
t=t.magnitude

P_motor=1*V

v=d/t
P_lifting=F *v

P_dissipated = P_motor - P_lifting
R=P_dissipated / (I**2)

return {

as heat 'P_motor': P_motor,
: . P_lifting": ifting,
* The calculated resistance helps evaluate the motor’s efficiency ‘R‘i ‘R ing': P_Lifting,
* This method applies broadly to analyze electrical systems involving energy conversion and loss }

Domain: Electric circuits

Sub Domain: DC motor power, Resistive losses, Resistance

Difficulty: Medium

Figure 1: An example from the SymPyBench dataset illustrating a free-form physics question. The figure illustrates
a parameterized problem with variable input parameters, the final answer, detailed step-by-step reasoning, and the
associated executable Python code. The question includes metadata such as domain, subdomain, and difficulty.

like existing benchmarks that rely on a single prob-
lem instance, our dynamic design creates multiple
problem variants, enabling a more nuanced assess-
ment of model performance. We introduce novel
metrics (Consistency Score, Failure Rate, and Con-
fusion Rate) to capture variability and uncertainty
in model reasoning across variants. By analyz-
ing performance across multiple variants, we can
determine whether a model consistently applies
the correct solution strategy or exhibits inconsis-
tent behavior, failing to generalize across similar
problems, thereby providing a more comprehensive
understanding of its strengths and weaknesses.

2 Related Work

The development of science benchmarks such as
ScienceQA (Lu et al., 2022), SciBench (Wang
et al., 2023), and physics-specific datasets like
PhysBench from MMLU (Hendrycks et al., 2021)
has been instrumental in advancing the evaluation
of LLMs on structured reasoning tasks. These
benchmarks provide valuable testbeds for assessing
baseline scientific knowledge and reasoning skills.
Several physics, focused resources, including Phys-
Bench (Hendrycks et al., 2021), SciEval (Sun et al.,
2024), and JEEBench (Arora et al., 2023), primar-
ily adopt multiple-choice formats, which enable
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Number
Dataset of Prob- Academic Level
lems
ScienceQA (Lu et al., 2022) 4,546 Elem. & Highschool
SciBench (Wang et al., 2023) 594 Highschool
SciEval (Sun et al., 2024) 1,657 Mixed
JEEBench (Arora et al., 2023) 512 Highschool
MMLU Physics (Hendrycks et al., 2021) 124 Highschool
PhysicsQA (Jaiswal et al., 2024) 370 Highschool
SymPyBench (Ours) 15,045 Undergraduate

Step-by- Numerical Textual

step Variation Variation l::y‘:g:n Val[ii;:ttion
Reasoning Q&A Q&A
X X X X X
X X X X X
X Partial X X X
X X X X X
X X X X X
4 X X X X
v v v v v

Table 1: High-level comparison of physics benchmarks. ‘Partial’ indicates limited (2-3 variations) or inconsistent

support.

standardized evaluation at scale. Many existing
benchmarks lack detailed, step-by-step solutions
and do not explicitly support symbolic computa-
tion, which are essential in scientific disciplines
such as physics. Table 1 summarizes the key differ-
ences between SymPyBench and existing scientific
reasoning datasets across several dimensions.

While benchmarks are foundational, robust eval-
uation protocols are equally critical to understand
model behavior under variation. Typical evalua-
tions of LLMs often report a single performance
metric per dataset, reflecting best-case results un-
der idealized or carefully curated settings. This ob-
scures important dimensions of robustness and reli-
ability (Zhu et al., 2024; Bommasani et al., 2023).

PromptBench (Zhu et al., 2024) provides a flexi-
ble toolkit for robustness testing, with modules for
prompt creation, adversarial generation, and analy-
sis. However, its adversarial prompts can alter input
semantics, reducing realism. HELM (Bommasani
et al., 2023) uses a broader evaluation across met-
rics like fairness and efficiency, but its robustness
tests are limited to minor surface changes and basic
contrastive examples (Gardner et al., 2020). Build-
ing on these efforts, SymPyBench introduces a
dynamic, parameterized benchmark designed to
evaluate model consistency and generalization un-
der controlled variations.

3 Methodology

We begin by collecting open-source problem sets
covering a broad range of undergraduate-level
physics topics. The topic distribution reflects the
emphasis typically found in standard Bachelor
of Science in Physics curricula. All content is
sourced from openly available, Creative Commons—
licensed materials.”

>The dataset is released under a CC-BY-NC li-

cense. Portions of the data were generated using
LLaMA 3.2 and 3.3 models and are subject to their

Problem Extraction. We apply OCR via Tesser-
act to extract text from each problem and detect any
reliance on figures, diagrams, tables, or references
to other questions. Dependencies are identified
using keyword search and pattern matching. Prob-
lems flagged as dependent are excluded, resulting
in a dataset of predominantly self-contained, text-
based questions suitable for our benchmark. While
some dependencies may remain undetected, this
step effectively filters most problems that rely on
visual or contextual information and prepares the
dataset for subsequent processing.

Structured Representation. For each prob-

lem, we generate a structured textual represen-

tation using the LLLaMA-3.2-90B-Vision-Instruct
model (Grattafiori et al., 2024). The model is
prompted to reformat the original problem into

a standardized schema, as illustrated in Figure 2.

This process consists of five stages, producing the

following components:

1. Question: A clean, self-contained restatement
of the problem in natural language.

2. Reasoning Step: A detailed, step-by-step tex-
tual explanation outlining the relevant physical
principles and intermediate computations.

3. Input Variables: Numerical quantities with
their associated physical units (e.g., vl: [2,
m/s]).

4. Output Variables: Target quantities with their
expected final values and units (e.g., vq,: [-3,
m/s]).

5. Constants: Known physical constants such
as gravitational acceleration (e.g., g: [9.8,
m/s?]).

At the conclusion of this process, each question is

represented in a structured JSON format encom-

respective licenses(https://github.com/meta-1lama/
1lama-models/blob/main/models/1lama3_2/LICENSE;

https://github.com/meta-1lama/llama-models/blob/
main/models/1lama3_3/LICENSE).
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= e
Filtered Data
Questions

Atechnician mounts a fan on a test rig and
starts the blade spinning from rest,
reaching a final angular speed of 320
revolutions per minute (rpm) in 6.00
seconds. Calculate the average angular
acceleration in rad/s>? Approach

The average angular acceleration (B) can
be found using its definition: § = AQ / At
where AQ is the change ...

Structured Re?resentation

Question; Reasoning Step;

Input Variables {name: [value, unit]}
Output Variables {name: [value, unit]};
Constants {name: [value, unit]}

{guestion: Atechnician .... Calculate the
average angular acceleration in rad/s*?,

reasoning_step: Approach...

input_variables: {

final_rpm: [320, rev/min],...

h

output_variables: {

average_angular_acceleration: [5.58,
rad/s"2],

Constants: {}

}

Question Free-Form
Format: MC-Symbolic
MC-Numerical
Free-Form

An engineer places a fan onto a testing apparatus and initiates its rotation
from a stationary position, accelerating it to a final angular speed of 250
pm...7

Ground Truth: (a) 5.24 rad/s” (b) 0.300s

Template Generation

Question and Reasoning Step
template using input variables
and constants.

{question: A technician mounts a fanon a
test rig and starts the blade spinning from
rest, reaching a final angular speed of
{final_rpm} in{time_to_final}. (a) Calculate
the average angular acceleration?
reasoning_step: Approach
The average angular acceleration (B) can
be found using its definition: = AQ / At
where AQ is the change

Generating Variations and
Python Code

Variation ith
An engineer places a fan onto a testing
apparatus and initiates its rotation from a

All problems are
verified to ensure their

MC-Symbolic
An engineer places a fan onto ...?
Choices:

stationary position, accelerating it to a final
angular speed of {final_rpm}..?

A) (@) a=w_final / At; (b) t = -w_final / a_brake B) (a) a = w_final/ At; (b)t=" om,

accuracy.

w_final/ At; (b) t = -w_final / (2a_brake)

Ground Truth: A

MC-Numerical
Question: An engineer ...
Choices:

A) (a) 5.16 rad/s*; (b) 0.327 s B (a) 5.16 rad/s (b) 0.654 s C) (a) 10.32 rad/s’;
(b)0.327 s D) () 5.16 rad/s?; (b) -0.327 s

Ground Truth: A

w_final / a_brake C) () a=2w_final / At; (b) t = -w_final / a_brake D) (a) a =

Python Code

def final_rpm,
time_to_final, brake_angular_acceleration)
# ... calculation code ...

average_angular_acceleration
stopping_time
}

Figure 2: High-level pipeline diagram summarizing the workflow of creating SymPyBench.

passing these five components. This structured
representation serves as the foundation for gener-
ating parameterized code and enables systematic
variation across problem instances.

Template Generation. Building on the struc-
tured representation, we prompt the LLM to gen-
erate parameterized problem templates. Specifi-
cally, the model populates both the question text
and the step-by-step solution using symbolic place-
holders drawn from the Input Variables, Output
Variables, and Constants fields (e.g., v1, F), g).
This ensures that every symbolic reference in the
reasoning aligns with the corresponding schema
entry, maintaining coherence across intermediate
steps and enabling consistent substitution of values
across problem variations, as illustrated in Figure 2.

Generating Variations and Python Code. This
step consists of two phases: generating textual vari-
ations and synthesizing executable Python code.
Textual Variation Generation. Given the parame-
terized template from the previous step, we prompt
the model to generate three textual variations of
each question. These variations diversify the lin-
guistic phrasing while preserving the underlying
problem structure and symbolic placeholders, en-
suring linguistic diversity in the benchmark.

Python Code Synthesis. We then prompt the
model to generate executable Python code that
solves each problem. The prompt specifies: (1)
the function signature, with Input Variables and
Constants keys as input parameters, (2) the ex-
pected return format, a dictionary mapping Output
Variables keys to their computed values, and (3)
the Reasoning Steps to guide the solution logic.
This structured guidance enables the model to sys-
tematically translate the symbolic solution into exe-
cutable code, as illustrated in Figure 2. We employ
few-shot prompting with high-quality examples
to improve code generation reliability and consis-
tency.

To validate correctness, we execute each gener-
ated Python function by substituting the original
numerical values and units from the structured rep-
resentation. If the computed outputs match the
expected Output Variables (accounting for nu-
merical tolerance and unit equivalence), we retain
the code in our dataset; otherwise, we discard it. By
iteratively refining prompts, we are able to generate
correct code for approximately 88% of problems.
For the remaining cases, the generated code does
not pass our validation tests.

To ensure correctness and dimensional consis-
tency, all generated code relies on well-established
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Mechanics 33.80% Electricity and Magnetism 26.76% Modern Physics 12.68 %
Kinematics Electric Current Quantum Mechanics
SUVAT Equations Electric Field Special Relativity
Projectile Motion Lorentz Force Photon Energy

Thermodynamics 8.45%  Waves and Oscillations 11.27%  Optics 7.04 %
Kinetic Theory of Gases Wave Motion Geometric Optics
Ideal Gas Law Frequency Polarization
RMS Speed Doppler Effect Electromagnetic Waves

Table 2: Distribution of problems across physics domains and their top three subdomains in SymPyBench.

tools (Newell et al., 1972; Meurer et al., 2017; pin,
2025). Specifically, Pint enforces unit consistency
across all numerical operations, preventing unit-
related errors, while SymPyBench facilitates sym-
bolic algebra, equation solving, and analytical ma-
nipulation, enabling precise mathematical handling
throughout the benchmark.

Question Format Generation To enable robust
and diverse evaluation, we generate problems in
three distinct formats: free-form, multiple-choice
symbolic (MC-Symbolic), and multiple-choice
numerical (MC-Numerical). Our dataset com-
prises 71.52% free-form questions, 14.24% MC-
Symbolic questions, and 14.24% MC-Numerical
questions. Note that MC-Symbolic and MC-
Numerical formats are generated only for problems
with a single sub-question, as many problems in
our dataset contain multiple sub-questions. For nu-
merical instantiation, we sample random values for
all Input Variables with controlled perturbation
(typically +20 to 50% of the original values) and
substitute them into each question.

Free-Form Questions. Free-form questions are
directly derived from the textual variations gener-
ated in the previous step. In this format, models
must produce numerical answers with appropriate
units.

MC-Symbolic Questions. For each MC-
Symbolic problem, we generate a multiple-choice
question to assess symbolic reasoning capabilities.
The correct symbolic answer is obtained by prompt-
ing the model to generate an algebraic expression
that matches the output of the reference Python
implementation. To validate correctness, we sub-
stitute NV random sets of input variables (typically
N = 20) into both the symbolic expression and the
Python code, verifying that outputs match across
all test cases.

After validating the correct answer, we generate
three distractors by prompting the model to pro-

duce small, plausible modifications to the correct
expression (e.g., sign changes, term omissions, or
altered variable combinations). Each distractor is
designed to be algebraically similar yet unambigu-
ously incorrect. To mitigate positional bias, we
randomize the order of the four answer choices.

MC-Numerical Questions. For MC-Numerical
problems, we substitute the sampled numerical val-
ues into the MC-Symbolic format, yielding four
numerical options.

Dataset Quality All problems are manually re-
viewed to ensure correctness. Table 3 shows the
percentage of error for each step in each step.

Dataset Composition. SymPyBench features a
diverse set of problems with three types of vari-
ations: (1) linguistic variation with three dis-
tinct phrasings, (2) format variation with three
question formats (free-form, MC-Symbolic, MC-
Numerical), and (3) numerical variation with the-
oretically infinite instantiations. In addition, each
problem is annotated with relevant keywords, in-
cluding domain, sub-domain, and difficulty level.
The distribution of problems across high-level
physics topics is shown in Table 2. More analysis
is provided in appendix.

4 Experimental Results and Insights
Beyond Accuracy

We evaluate a range of state-of-the-art instruction-
tuned LL.Ms on SymPyBench to assess their sci-
entific reasoning capabilities under dynamic and
perturbed conditions. To this end, we measure sev-
eral key metrics:

Exact Match Accuracy: The proportion of prob-
lems for which the model produces a completely
correct end-to-end solution:

Number of fully correct solutions
Total number of problems

Exact Match Accuracy =
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Stage Type of Error Checked

1. Filtered Data

2. Structured Representation
3. Template Generation

4. Generating Variations

5. Python Code

6. Final Manual Review

Incorrect JSON structure
Incorrect JSON structure

Human inspection

Dependency to previous questions or visual information
Variable mismatch with Stage 3; Incorrect JSON structure

Function signature mismatch; incorrect output; unit errors

Error Rate (Percentage of data filtered)

~5% (manually checked)
~4.5%

~1%

<1%

~12%

All remaining verified

Table 3: Data Filtered Due to Errors at Each Stage of the Collection and Processing Pipeline

Model

Qwen2.5-7B-Instruct 24.26% 16.44%
Qwen2.5-72B-Instruct 66.57% 61.69%
Llama-3.3-70B-Instruct 59.05% 54.17%
Llama3.1-405b-instruct 42.79% 34.45%
Llama4-maverick-17b-128e-instruct 69.92% 64.17%
Llama4-scout-17b-16e-instruct 56.49% 50.17%
OpenAl GPT (gpt-4-turbo) 60.59% 53.73%
Gemini-2.0-Flash 71.43% 64.49%
Anthropic Sonnet-3.7 70.81% 65.48 %

Partial Accuracy! Exact Match Accuracy T Consistency ScoreT Complete Failure Rate | Confusion rate |

5.66% 41.51% 15.09%
37.74% 15.09% 11.32%
28.30% 15.09% 7.55%
17.46% 30.16% 14.29%
34.92% 9.52% 11.11%
20.63% 14.29% 19.05%
33.33% 18.18% 12.12%
34.38% 9.38% 12.50%
42.42% 18.18% 6.06 %

Table 4: Performance Metrics across LLMs on SymPyBench. Includes Partial Accuracy, Exact Match Accuracy,
Consistency Score, Complete Failure Rate, and Confusion Rate.

Many problems in our dataset are composed of
multiple subproblems (e.g., parts a, b, c; see Ap-
pendix 9). To calculate exact match accuracy, we
require the model to correctly solve all parts of a
problem. However, because many problems are
subdivided in this way, we also introduce Partial
Accuracy as a complementary metric.

Partial Accuracy: The fraction of subproblems
within a structured solution that the model answers
correctly.

Number of correct subproblems
Total number of subproblems

Partial Accuracy =

In addition to accuracy, we evaluate the model’s
robustness using several complementary metrics:

Consistency Score: The proportion of problem
groups where the model consistently provides the
correct answer across all perturbed variants (i.e.,
versions of each problem modified by numerical,
textual, or format changes), reflecting the stability
and reliability of the model’s performance. A high
consistency score indicates that the model can re-
liably solve problems even with slight variations,
showcasing its generalization ability.

# groups with all correct variants
# total problem groups

Consistency Score =

Confusion Rate: The confusion rate indicates
the fraction of problem groups where the model’s
accuracy across variants is around 40%-60%, re-
flecting uncertainty in the model’s reasoning. It

provides insight into situations where the model
may be guessing or uncertain about the correct ap-
proach.

# groups with ~50% accuracy

Confusion Rate =
ontusion Rate # total problem groups

Complete Failure Rate: This metric tracks the
proportion of problem groups where the model an-
swers all variants incorrectly. A high Complete
Failure Rate indicates areas of consistent failure,
providing valuable diagnostic information for im-
proving model performance.

# groups with all incorrect variants

Complete Failure Rate =
Offiprete Tattre Rate # total problem groups

4.1 Results

Table 4 provides a comprehensive evaluation of
large language models on SymPyBench. Three
models emerge as clear leaders: Anthropic Sonnet-
3.7, Gemini-2.0-Flash (Anthropic; Google Deep-
Mind), and Llama4-Maverick-17B-128E achieve
Exact Match Accuracy exceeding 64% with corre-
spondingly high Partial Accuracy, demonstrating
reliable multi-step reasoning capabilities.

Among the top performers, Sonnet-3.7 distin-
guishes itself with the highest Consistency Score
(42.42%) and lowest Confusion Rate (6.06%),
demonstrating superior robustness to paraphrased
and perturbed problem variants, and Gemini-
2.0-Flash achieves the highest Partial Accuracy
(71.43%). The Confusion Rate, which quantifies
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the proportion of problem groups where model
accuracy across variants hovers around 50%, re-
flects reasoning uncertainty; stronger models such
as Sonnet-3.7 consistently display lower confusion
rates. GPT-4-Turbo presents solid overall met-
rics (60.59% partial, 53.73% exact) but underper-
forms in consistency (33.33%) compared to the top
tier. Qwen2.5-72B-Instruct performs competitively
(66.57% partial, 61.69% exact) but shows higher
complete failure rates (15.09%) than Maverick and
Gemini. These results underscore the importance
of evaluating mathematical reasoning not only in
terms of accuracy, but also with respect to con-
sistency, robustness, and failure modes, qualities
that are often overlooked by traditional metrics, yet
are essential for ensuring real-world reliability in
scientific problem-solving.

Our in-depth analysis reveals that models such
as Maverick are far more likely to succeed when
guided by multiple-choice formats, particularly
MC-Symbolic, compared to open-ended free-form
questions. The structured nature of multiple-choice
formats reduces the complexity of open-ended gen-
eration and enables models to focus on selecting
the correct answer, which often leads to higher
accuracy. While these models may still make con-
ceptual errors, our results indicate that a substan-
tial portion of their failures in free-form settings
stem from challenges in generating complete and
well-formatted solutions, as well as difficulties in
arithmetic computation and physics-specific skills
such as unit conversion. However, it is important
to note that multiple-choice formats can provide
additional cues or scaffolding that help the model
arrive at the correct answer, even in the presence of
partial understanding. Weaker models like 405B,
however, show lower accuracy across all formats,
suggesting more fundamental gaps in both concep-
tual understanding and execution. These findings
underscore the diagnostic power of our benchmark.
By systematically varying question formats, we
are able to disentangle the underlying sources of
model errors, yielding actionable insights for the
advancement of scientific language models. Com-
plete results, along with additional examples and
extended analysis, are provided in Appendix 8.

5 Conclusion and Future Work

We introduce SymPyBench, a benchmark for eval-
uating the scientific reasoning capabilities of large
language models in physics, with a focus on gen-
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eralization across diverse problem variations. Our
benchmark assesses model robustness and intro-
duces new metrics to capture output stability be-
yond standard accuracy. Future work will ex-
pand SymPyBench to include multimodal reason-
ing tasks and interdisciplinary STEM domains,
enabling the evaluation of models with complex,
cross-domain scientific reasoning capabilities. This
will drive the development of Al systems with ro-
bust, transparent, and reliable scientific reasoning.

Limitations

While SymPyBench provides a dynamic and rig-
orous evaluation of large language models on
university-level physics problems, its current fo-
cus on a single domain limits the generalizability
to other scientific fields and reasoning tasks. More-
over, as a synthetic benchmark, it does not fully
capture the ambiguity, and incomplete information
often present in real-world physics challenges. We
plan to enhance SymPyBench by broadening its
scope to include additional scientific disciplines
and more realistic, open-ended problems that better
reflect the complexity of practical applications.

6 Ethics Statement

Potential Risks. While our benchmark and anal-
ysis focus on research purposes, potential risks in-
clude misuse of data for generating incorrect or
misleading solutions, or overreliance on automated
reasoning without human oversight.

Use of AI Assistant. We used an Al assistant for
grammar and style checking to improve the clarity
of the paper.
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7 Examples from SymPyBench

Here are some examples from SymPyBench, where
each question is shown along with step-by-step
reasoning and the corresponding Python code. We
populate the problems with numerical values, and
the relevant variables are generated as part of the
pipeline.

7.1 Example A

In a simplified atomic model, the most probable distance be-
tween the nucleus and an electron is r = 3.33e — 11 m. The
nucleus contains 1.3 protons. Determine the electric field due
to the nucleus at the electron’s position.

Here are constants:

C2

—12
0
. m2

Permittivity of free space = 8.85 x 1

Elementary charge = 1.6 x 1071 C

Identify Relevant Concepts

* The electric field due to a point charge is given by

1 q
T

E =
4meg r2

where € is the permittivity of free space, g is the charge,
and r is the distance from the charge.

» The goal is to calculate the electric field at the electron’s
position.

Set Up the Problem

* The electric field at a distance r from a point charge is
given by the formula above.

* The direction of the electric field is radially outward
from the nucleus.

Execute the Solution
 Substituting the given values into the formula
Evaluate Your Answer

» The electric field is expected to be radially outward from
the nucleus due to its positive charge.

o If r were very small, the electric field would be very
large, and if » were large, the electric field would ap-
proach zero, which is physically reasonable.

Python code:

import sympy as sp

from pint import UnitRegistry
ureg = UnitRegistry()

Q_ = ureg.Quantity

def electric_field_at_electron(r, e, number_of_protons,
epsilon_0):
# Convert inputs to Pint quantities
r = Q_(r).to(ureg.meter) # Ensure meters
e = Q_(e).to(ureg.coulomb) # Ensure coulombs
number_of_protons = Q_(number_of_protons).to(ureg.
dimensionless)
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epsilon_0 = Q_(epsilon_0).to(ureg.farad / ureg.meter) #
Ensure F/m

r = r.magnitude

e = e.magnitude

number_of_protons = number_of_protons.magnitude
epsilon_@ = epsilon_0.magnitude

# Define symbolic variables
q = e * number_of_protons
E = sp.Symbol('E', real=True, positive=True)

# Calculate the electric field
E= (/7 (4 * sp.pi x epsilon_0)) * (q / rx*2)

return {
'E': E.evalf()
}

7.2 Example B

Consider a solid metal cube with an edge length of L
0.0237 m.

(a) Determine the lowest energy level for an electron within
this metal.

(b) Calculate the energy difference between this level and the
next higher energy level.

Here are constants:

Reduced Planck’s constant i = 1.05 x 107347 - s

Electron mass m. = 9.11 x 1073 kg

Ground state quantum numbers: ng =ny =n; =1

Next state quantum numbers: nz =2, ny =1, n, =1
Identify Relevant Concepts
* Model the electron as a particle in a 3D box.

¢ Energy levels are given by:

m2h2
me L2

B(ng,ny,nz) = (n3 +nj +n2)

2

Set Up the Problem
e Ground state: ny =ny =n, =1
* Next higher level: ny =2,ny =1,n, =1

Execute the Solution

* Compute:
w2h?
E = 12412 412
1 2meL2( +1%+1%)
m2h2
By = 22 412 417
2 2meL2( +1°41%)
* Energy difference:
AE =Fy — E;

Evaluate Your Answer

 Positive energy difference is expected since next level is
higher.

» Larger cube size would reduce energy spacing, consis-
tent with quantum model.



Python code:

import sympy as sp

from pint import UnitRegistry
ureg = UnitRegistry()

Q_ = ureg.Quantity

def electron_energy_levels(L, h_bar, m_e, n_x, n_y, n_z,
n_x_next, n_y_next, n_z_next):
L = Q_(L).to(ureg.meter)
h_bar = Q_(h_bar).to(ureg. joule * ureg.second)
m_e = Q_(m_e).to(ureg.kilogram)

L = L.magnitude
h_bar = h_bar.magnitude
m_e = m_e.magnitude

pi = sp.pi

def energy(n_x, n_y, n_z, L, h_bar, m_e):
return (pi**2 x h_bar**2 / (2 * m_e * Lx*2)) * (n_x**2
+ n_yx*2 + n_z**Z)

E1 = energy(n_x, n.y, n_z, L, h_bar, m_e)
E2 = energy(n_x_next, n_y_next, n_z_next, L, h_bar, m_e)
DeltaE = E2 - E1

return {
'E1': El.evalf(),
'E2': E2.evalf(),
'DeltaE': DeltaE.evalf()
3

8 Detailed Model Performance Analysis

In addition to standard metric evaluation, we
conducted an in-depth analysis of model per-
formance across multiple dimensions. For
this analysis, we evaluate three model con-
figurations: 1lama4-maverick-17b-128e (Mav-
erick), llama4-scout-17b-16e (Scout), and
1lama3.1-405b (405B), presenting a comprehen-
sive performance comparison.

8.1 Performance by Textual Variant

We analyze model performance across three tex-
tual variants, which differ in their surface phrasing
while preserving the underlying question. Table 5
presents a detailed breakdown.

All models exhibit consistent performance
across templates, with minimal variation.

8.2 Performance by Question Type

Table 6 presents accuracy by question format: free-
form, MC-Numerical, and MC-Symbolic.

A striking divergence emerges across models
and question types. Maverick and Scout excel
at MC-Symbolic questions (95.70% and 81.51%,
respectively), while showing substantially lower
performance on MC-Numerical questions. Man-
ual analysis of 100 randomly sampled examples
revealed that the performance gap between MC-
Symbolic and MC-Numerical stems primarily from
errors in numerical computation and unit conver-
sion, rather than conceptual understanding deficits.

Free-form questions present a fundamentally dif-
ferent challenge and exhibit consistently lower per-
formance across all models. This gap is attributable
to two key factors: (1) structural complexity: free-
form questions contain an average of two to three
interconnected sub-questions that must be solved
sequentially, with errors in early steps propagating
to subsequent parts; and (2) evaluation stringency:
models must generate complete, correctly format-
ted solutions rather than simply selecting from pro-
vided options. This combination of increased rea-
soning depth and answer generation requirements
makes free-form questions substantially more de-
manding than their multiple-choice counterparts.

Surprisingly, 405B exhibits relatively bal-
anced multiple-choice performance (59.42% MC-
Numerical, 57.21% MC-Symbolic) but dramati-
cally lower free-form accuracy (24.95%).

8.3 Performance Across Response Iterations

We examine model stability across five response
iterations to assess consistency. Table 7 summa-
rizes the results. All models demonstrate stable
performance across iterations.

8.4 Cross-Type Error Analysis

To investigate whether errors are question-format-
specific or stem from deeper conceptual misunder-
standings, we conducted a cross-type analysis on a
subset of problems that appear in all three formats
(free-form, MC-Numerical, and MC-Symbolic).
This allows us to examine whether difficulty in
one format predicts difficulty in others, revealing
the nature of model errors.

Conditional Accuracy Analysis A critical ques-
tion is whether model errors reflect format-specific
challenges (e.g., numerical computation, answer
generation) or fundamental conceptual misunder-
standings. To distinguish these error types, we com-
pute conditional accuracy: for problems where a
model fails in one format, what is its accuracy on
the same problem presented in a different format?

If errors were primarily conceptual, models
should fail consistently across all formats of the
same problem, yielding low conditional accuracy.
Conversely, high conditional accuracy indicates
that the model understands the concept but fails due
to format-specific requirements. Table 8 presents
this analysis.

Interpretation and Key Insights The condi-
tional accuracy patterns reveal fundamentally dif-
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Model Textual Variant Partial Accuracy (%) Exact Match Accuracy (%)
Llama4-maverick-17b-128e-instruct ~ Variant I 69.81 64.16

Variant II 69.17 63.54

Variant 111 70.82 64.86
Llama4-scout-17b-16e-instruct Variant | 55.81 49.56

Variant II 57.15 50.57

Variant 111 56.44 50.33
Llama3.1-405b-instruct Variant I 42.18 34.03

Variant 11 43.36 34.10

Variant 111 42.78 35.24

Table 5: Accuracy by textual variant across models. Each variant represents a different surface phrasing of the same
underlying question.

Model Type Partial Accuracy (%) Exact Match Accuracy (%) Data%
Llama4-maverick-17b-128e-instruct  Free-Form 65.72 57.69 71.52
MC Numerical 65.23 65.23 14.24
MC Symbolic 95.70 95.70 14.24
Llama4-scout-17b-16e-instruct Free-Form 53.28 44 .44 71.52
MC Numerical 47.56 47.56 14.24
MC Symbolic 81.51 81.51 14.24
Llama3.1-405b-instruct Free-Form 36.61 24.95 71.52
MC Numerical 59.42 59.42 14.24
MC Symbolic 57.21 57.21 14.24

Table 6: Accuracy by question type across models.

ferent error sources across models: damental conceptual or arithmetic misunder-

* MC-Numerical vs. MC-Symbolic Gap:
We assess cases where models fail on MC-
Numerical questions and evaluate their ac-
curacy on the corresponding MC-Symbolic
versions. All models show substantially
higher conditional accuracy on MC-Symbolic
(95.00%, 79.55%, 60.93%), indicating that
most MC-Numerical errors are due to compu-
tational issues (e.g., arithmetic mistakes, unit
conversion), rather than misunderstanding the
underlying concepts or formulas. When ex-
plicit computation is removed, model perfor-
mance improves markedly.

Free-Form vs. Multiple-Choice Gap: We
examine cases where models fail on free-
form questions and measure their accuracy
on the corresponding MC-Numerical and MC-
Symbolic formats. For example, Maverick
achieves 95.45% accuracy on MC-Symbolic
and 60.18% on MC-Numerical for problems
it fails in free-form. This substantial improve-
ment in accuracy with guided formats sug-
gests that many free-form errors may stem
from challenges in generating complete and
well-formatted solutions, rather than from fun-
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standings. However, it is important to note
that multiple-choice formats can provide addi-
tional cues or scaffolding that help the model
arrive at the correct answer, even in the pres-
ence of partial understanding. Thus, while the
observed gap is indicative of generation and
formatting challenges, it does not fully rule
out the possibility of underlying conceptual
gaps. Further analysis is needed to disentangle
these effects.

Model Differences: Scout exhibits a simi-
lar but slightly weaker pattern, with condi-
tional accuracies of 81.25% (MC-Symbolic
given free-form failure) and 79.55% (MC-
Symbolic given MC-Numerical failure). This
indicates that most errors are still format-
specific, though some conceptual gaps may
remain. As with Maverick, the improvement
in accuracy with guided formats highlights the
benefit of scaffolding and structured problem
presentation for model performance.

Conceptual Inconsistency in 405B: In con-
trast, 405B shows lower conditional accura-
cies (60-65%), indicating that a significant
portion of its errors are due to inconsistent rea-



Model

Llama4-maverick-17b-128e-instruct
Llama4-scout-17b-16e-instruct

0
1
2
3
4
0
1
2
3
4
Llama3.1-405b-instruct 0
1
2
3
4

Iteration Partial Accuracy (%) Exact Match Accuracy (%)

70.11 64.65
70.29 64.24
70.27 64.40
69.49 63.99
69.44 63.58
56.89 50.33
56.96 51.16
56.74 50.33
56.28 49.67
55.56 49.34
42.78 34.69
42.75 34.27
43.03 34.85
42.77 34.19
42.63 34.27

Table 7: Accuracy by iteration for all models. All values are percentages.

Model

Llama4-maverick-17b-128e-instruct

Llamad4-scout-17b-16e-instruct

Llama3.1-405b-instruct

Given Failure On

Free-Form
Free-Form
MC-Numerical

Free-Form
Free-Form
MC-Numerical

Free-Form
Free-Form
MC-Numerical

Accuracy On  Success Rate (%)

MC-Symbolic 95.45
MC-Numerical 60.18
MC-Symbolic 95.00
MC-Symbolic 81.25
MC-Numerical 46.33
MC-Symbolic 79.55
MC-Symbolic 64.48
MC-Numerical 54.06
MC-Symbolic 60.93

Table 8: Conditional accuracy: given failure on one format (Condition), what is the average accuracy on another
format (Target) for the same problems? High values indicate format-specific rather than conceptual errors. All

values are percentages.

soning or incomplete conceptual understand-
ing, even when the format is simplified.

Implications for Model Development: These find-
ings suggest different improvement strategies for
different model capabilities. For Maverick and
Scout, gains would come from better solution gen-
eration, numerical precision, and unit handling, as
their conceptual reasoning is already strong. For
405B, improvements require addressing fundamen-
tal reasoning consistency before tackling format-
specific issues. The conditional accuracy metric
thus serves as a diagnostic tool, revealing whether
a model needs better conceptual understanding or
improved execution.

9 Distribution of Sub-Questions

Real-world physics problems often consist of mul-
tiple interconnected sub-questions that build upon
each other, requiring students to demonstrate cu-
mulative understanding. To reflect this complex-
ity, many problems in SymPyBench are structured
as multi-part questions. Figure 3 shows the dis-
tribution of problems across different numbers of
sub-questions per instance.

10 Case Studies: Example-Level Insights

While aggregate metrics provide a high-level view
of model performance, deeper insights emerge
when examining specific examples and their vari-
ations. In this section, we analyze representa-
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Figure 3: Distribution of SymPyBench problems by
number of sub-questions per instance.

tive cases that highlight recurring success patterns,
consistent failure modes, and surprising behaviors
across paraphrased or perturbed inputs.

These quantitative and qualitative observations
shed light on the limitations of current models
in terms of robustness, generalization, and inter-
pretability.

Case Study I: Sensitivity to Input Variations

We analyze three semantically equivalent ver-
sions of a physics question requiring symbolic rea-
soning and precise numerical calculation as shown
in Figure 4. The first part of the task is to compute
the average kinetic energy of a gas molecule nitro-
gen molecules at a given temperature. We analyze
the result of Qwen2.5-7B model.

As shown in Figure 4, in the first variation, the
model’s answer is off by several orders of magni-
tude, indicating a fundamental flaw in its solution
strategy. In the second variation, the response is ap-
proximately correct aside from a minor numerical
discrepancy, reflecting improved accuracy under
this paraphrased input. In the third variation, the
kinetic energy is overestimated by more than three
times, likely due to an arithmetic error or a mis-
interpretation of symbolic expressions. Without
SymPyBench, such nuanced insights into model
behavior that emerge from the same underlying
question with different input realizations would re-
main inaccessible, limiting our ability to diagnose
failure modes and evaluate robustness.

Our observation is not limited to smaller mod-
els like Qwen2.5-7B. Even Qwen2.5-72B, despite
using the correct physics formula and providing
step-by-step reasoning, often produces numerically
inconsistent results.

Consider the following example:

Question: Determine the magnitude of the
electric field E/ generated by a point charge
of 2.09 x 1072 C at a distance of 0.00567 m.
Use Coulomb’s constant k = 8.99 x 10 N -
m?/C2.

Qwen2.5-72B Answer: Applies £ = 1%,
computes ' ~ 587.5 N/C.

Ground Truth: F ~ 584,440 N/C

The model uses the correct formula and walks
through intermediate steps, but its final numeric
output is off by nearly three orders of magnitude.
This suggests that the issue is not conceptual misun-
derstanding but internal instability in arithmetic or
symbolic execution. Similar inconsistencies were
observed across other problems with slight input
perturbations.

Case Study II: Measuring Hallucination

A key strength of our benchmark is its ability to
systematically induce and detect hallucinations in
LLM model responses by dynamically altering or
concealing critical components of a physics prob-
lem, such as input variables or domain-specific
constants. This functionality enables controlled
testing of model behavior under uncertainty. When
confronted with incomplete information: Does the
model seek clarification? Does it make reason-
able assumptions and state them explicitly? Does
it hallucinate values and proceed as if the input
were fully specified? Our benchmark is uniquely
designed to probe these behaviors, allowing us to
quantify reasoning integrity in under-specified sce-
narios and assess the robustness of models under
challenging conditions.

We illustrate this with a representative example:

Question: Determine the average time re-
quired for a glucose molecule to diffuse a
distance of 0.00991 m in water.

This question omits the diffusion coefficient D,
a necessary constant for computing the answer via
the physical equation t = 5. However, when
prompted with this version, Gemini does not re-
quest the missing value or flag the input as incom-

plete. Instead, the model fabricates a response by
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Variation | Ground Truth: 3.7674 x 10-21) Variation Il

Determine the average kinetic energy of a gas
molecule at a temperature of 182.0 K.
Additionally, calculate the root mean square
(rms) speed of a nitrogen molecule (N2).
Constants: Boltzmann constant = 1.38 x10-23
J/K; Mass of N2 molecule = 4.65 x10-26 kg

Qwen 7B response

Step 1: KE=32kB T=32x 1.38 x 10-23 x 182.0
=8.06x10-20)

LLM Answer: KE = 2.54 J (incorrect by several
orders of magnitude)

Ground Truth: 4.1814 x 10-21)

Determine the average kinetic energy of a gas
molecule at 202.0 K. Calculate the RMS speed of N2.
Constants: Boltzmann constant = 1.38 x10-23 J/K;
Mass of N2 molecule = 4.65 x10-26 kg

Qwen 7B response

LLM Answer: KE: 4.786 x 10-21)

Variation Il Ground Truth: 5.589 x 10-21J

Determine the average kinetic energy of a gas
molecule at 270.0 K and the RMS speed of N2.
Constants: Boltzmann constant = 1.38 x10-23 J/K;
Mass of N2 molecule = 4.65 x10-26 kg

Qwen 7B response

LLM Answer: KE: 2.127 x 10-20J
(incorrect)

Figure 4: Three variation of the same question with different input variables. Only the Qwen-7B model’s final step

responses are shown.

assuming an image is provided, stating: ‘Based on
the image,” and then extrapolates from a halluci-
nated example involving diffusion over 0.010 m
in 7.5 x 10* seconds. It uses the proportionality
t o< 22 to calculate:

2
xT

t2 =11 - <§>7
T1

t1 =75 x10"s, z; = 0.010 m, zz2 = 0.00991 m

with

leading to an incorrect answer.

This response reflects a hallucinated reasoning
chain. Instead of applying the correct physics
or querying for D, the model infers a scenario
that was never presented. Such behavior can be
quantitatively evaluated in our benchmark by selec-
tively omitting critical variables and analyzing how
often models hallucinate versus recognize under-
specified inputs.

In future work, we plan to formalize this capa-
bility and systematically benchmark hallucination
rates across model families. This expands the scope
of our dataset beyond correctness and robustness,
making it a valuable tool for studying reasoning
integrity under partial or ambiguous inputs.

Case Study III: Implicit Simplification Bias
Another class of error arises in problems requir-
ing more advanced topics. For example in question
related to relativistic mechanics even when the sce-
nario clearly demands relativistic treatment, the
Qwen2.5-72B frequently defaults to oversimplified
Newtonian expressions, for example using a = %
ora= ,yim without accounting for the orientation
of the force relative to velocity. We call this behav-
ior implicit simplification bias where the model su-
perficially identifies relevant physical variables but
fails to apply the correct governing equations when

deeper conceptual distinctions are required. This

suggests that such biases are not merely a conse-
quence of model size but rather reflect fundamental
gaps in their understanding of domain-specific com-
plexities, highlighting the need for explicit training
in these advanced areas.

11 Comparison with Existing Scientific
Reasoning Benchmarks

To illustrate the limitations of current scientific
reasoning benchmarks, we provide representative
examples from ScienceQA (Lu et al., 2022) and
SciEval (Sun et al., 2024). These datasets primarily
focus on selecting the correct answer from multi-
ple choices, without requiring explicit, step-by-step
reasoning or handling parameterized problem vari-
ations.
For example, consider the ScienceQA dataset:

"question”: "Select the solid.”
"choices”": ["rain", "water in a fishbowl"”, "
hammer"]

"answer": 2
Or the SciEval benchmark:

"question”: "How can momentum be decreased?”
"choices": [
"A. Decrease mass or velocity, or transfer
momentum through collision.”,
"B. Keep mass and velocity constant, avoid
collisions.”,
"C. Increase mass and velocity, avoid
collisions.”,
"D. Increase mass, decrease velocity, and
avoid collisions.”
]

"answer”: ["A"]

Table 1 provides a high-level comparison of ex-
isting physics benchmarks, illustrating how SymPy-
Bench addresses these limitations.

118



KYV Pareto: Systems-Level Optimization of KV Cache and Model
Compression for Long Context Inference

Sai Gokhale *
Georgia Institute of Technology

Devleena Das "

Rajeev Patwari

Ashish Sirasao Elliott Delaye

Advanced Micro Devices (AMD)

Abstract

Long-context Large Language Models (LLMs)
face significant memory bottlenecks during in-
ference due to the linear growth of key-value
(KV) cache with sequence length. While indi-
vidual optimization techniques like KV cache
quantization, chunked prefill, and model weight
quantization have shown promise, their joint
effects and optimal configurations for edge de-
ployment remain underexplored. We introduce
KV Pareto, a systems-level framework that sys-
tematically maps the trade-off frontier between
total memory consumption and task accuracy
across these three complementary optimization
techniques. Our framework evaluates multi-
ple LLM architectures (Qwen, Llama, Mis-
tral) with varying KV quantization schemes
(int2/4/8, mixed-precision), granularities (per-
token, per-tensor, per-block), and 4-bit weight
quantization via AWQ. Our framework iden-
tifies model-specific Pareto-optimal configura-
tions that achieve 68-78% total memory reduc-
tion with minimal (1-3%) accuracy degradation
on long-context tasks. We additionally verify
the selected frontiers on additional benchmarks
of Needle-in-a-Haystack, GSM8k and MMLU
as well as extended context lengths of up to
128k to demonstrate the practical need of joint
optimization for efficient LLM inference.

1 Introduction

Large Language Models (LLMs) have become use-
ful in many applications, such as code generation
(Jiang et al., 2024b), long question-answering (Liu
et al., 2025) and retrieval-augmented generation
(RAG) (Arslan et al., 2024). These tasks increas-
ingly demand longer-context capabilities, pushing
models like Qwen (Bai et al., 2023), Mistral (Jiang
et al., 2024a) and Llama (Grattafiori et al., 2024b)
to support long context lengths.

*This work was done during her internship with Advanced
Micro Devices (AMD)
"Equal Contribution

The bottleneck for efficient inference arises from
the transformer architecture which operates primar-
ily in two phases: prefill and decode (Raiaan et al.,
2024). During prefill, the input context is processed
and stored in the key-value (KV) cache. During
decode, outputs are generated autoregressively by
repeatedly accessing the KV cache. Importantly,
the KV Cache size grows linearly with sequence
length (Patwari et al., 2025) and increases time-
to-first-token (TTFT) during prefill, and time-per-
output-token (TPOT) during decode. The resulting
increased latency is a bottleneck for practical de-
ployment of long-context models on edge devices.

To reduce the latency and scalability challenges,
several optimization techniques have been pro-
posed for long-context inference, including KV
Quantization (Hooper et al., 2024; Li et al., 2025;
Liu et al., 2024b), token eviction (Xiao et al., 2023;
Corallo and Papotti, 2024), and chunked prefill
(Agrawal et al., 2023). These methods are typically
evaluated in isolation of one another in the context
of accuracy degradation (Li et al., 2025; Liu et al.,
2024b; Corallo and Papotti, 2024). This creates
a practical question for deployment: which mem-
ory optimizations, together, offer the best-trade offs
between memory savings and task accuracy?

To this end, we introduce KV Pareto, a frame-
work for evaluating and understanding the trade-
offs between KV memory compression and task
performance in long-context LLMs. KV Pareto
focuses on studying the impact of two widely ac-
cessible optimization techniques for long context,
KV quantization, and chunked prefill in conjunc-
tion with 4-bit model weight quantization. Prior
work evaluates these optimization techniques in
isolation (Li et al., 2025; Liu et al., 2024b; Corallo
and Papotti, 2024; Lin et al., 2024; Agrawal et al.,
2023). Instead, our KV Pareto provides a joint as-
sessment of optimization techniques, considering
total memory savings and accuracy degradation.
This enables practitioners to identify the Pareto-
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optimal configurations for edge deployment.

Our KV Pareto spans multiple models (Mistral,
Qwen, LLaMA), KV cache quantization granulari-
ties (per-token, per-tensor, per-block), group sizes
(32, 64, 128), precision formats (int2, int4, int8), as
well 4-bit weight quantization via AWQ (Lin et al.,
2024). We benchmark across long context eval-
uations including LongBench (Bai et al., 2024b),
Needle-in-a-Haystack (NIAH) (Kamradt, 2023) ,
and traditional tasks such as GSM8k (Cobbe et al.,
2021) and MMLU (Hendrycks et al., 2020), mea-
suring total memory through peak activation mem-
ory, KV memory, and model memory, as well as
task accuracy. Our contributions are:

1. KV Pareto Framework: A KV optimization
Pareto framework that systematically maps
the trade-off search space between total mem-
ory savings and task accuracy.

2. Joint Optimization Study: A comprehensive
evaluation of chunked prefill, KV cache quan-
tization and AWQ weight-only quantization
across multiple KV cache quantization gran-
ularities and precisions, identifying Pareto-
optimal configurations using LongBench.

3. KV Pareto Validation: Validation our frame-
work’s selected frontiers on NIAH, showing
strong task performance even at 20-32k con-
text lengths, as well as MMLU, GSM8k.

2 Related Works

2.1 KYV Quantization

KV quantization reduces the precision of stored
key and value tensors, thereby lowering mem-
ory usage (Li et al., 2024). For example, KIVI
(Liu et al., 2024b) and KVQuant (Hooper et al.,
2024) introduce tuning-free asymmetric quantiza-
tion schemes that apply per-channel and per-token
quantization, achieving up to 2-bit compression.
More recently, KVTuner (Li et al., 2025) proposes
an adaptive framework that searches for the opti-
mal layer-wise KV quantization precision pairs and
demonstrates near lossless 3.25 bit mixed precision
KV quantization for mathematical reasoning tasks.
Inspired by KVTuner (Li et al., 2025), our KV
Pareto framework also considers mixed-precision
quantization schemes. While KVTuner (Li et al.,
2025) focuses on layerwise adaptability, our KV
Pareto framework focuses on additional important
quantization hyperparameters such as, quantization

scheme (blockwise, per tensor, per token), as well
as system-level interactions with other optimiza-
tions such as, PC and model quantization.

2.2 Prefill Chunking

Prefill chunking (PC) reduces the peak memory
consumption by dividing input prompts into equal-
sized segments that are processed sequentially
(Agrawal et al., 2023). PC is adopted in inference
systems like vVLLM (Kwon et al., 2023). Addition-
ally, follow on works such as WiM (Russak et al.,
2024) leverage the concept of smaller chunks to im-
prove model reasoning. However, the benefits and
effects of PC has not yet been studied in conjunc-
tion with model quantization as well as KV cache
quantization. We address this gap by analyzing PC
at a systems-level, understanding its tradeoffs when
combined with KV cache and model quantization.

2.3 Model Quantization

Model quantization algorithms are popular for ef-
ficient inference as they significantly compress
model size. Popular methods include, GPTQ (Fran-
tar et al., 2023), and AWQ (Lin et al., 2024). GPTQ
(Frantar et al., 2023) uses second-order informa-
tion derived from the Hessian matrix to enable 3-4
bit quantization. AWQ (Lin et al., 2024) preserves
accuracy in 4-bit quantization by using activation
metrics to identify the most important weight chan-
nels, which are then scaled prior to quantization to
reduce error. In our framework, we study model
memory savings via AWQ (Lin et al., 2024) to pro-
vide practical insights for edge deployment on how
model compression, with KV quantization and PC,
can provide the most memory savings with the least
task performance degradation.

3 Background

The KV cache is a crucial component for LLM
inference, storing intermediate representations
that are used for autoregressive generation. KV
cache memory can be represented as the follows:
KV Cache Memory = B x H X N x D x L X s,
where B is batch size, H is number of attention
heads, NV is number of tokens stored in the cache,
L is number of layers, D is head dimension and s
is the size per element.

At a systems level, KV cache optimizations for
edge deployment remain largely unexplored when
considering its interactions with other memory-
savings optimizations such as weight-only quanti-
zation and prefill chunking. Therefore, our work
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focuses specifically on the joint interactions among
KV cache quantization, prefill chunking, and model
weight quantization, on accuracy and total memory.

3.1 KV Quantization Optimization

KV Quantization reduces the element size s by us-
ing lower-precision formats (e.g. int8, int4, int2),
allowing memory savings: M7 << M;’(fy.
Additionally, quantizing the KV cache reduces
memory bandwidth, improving TPOT during de-
code. However, KV cache quantization also intro-
duces approximation error €q,.,,, which can de-
grade attention quality and therefore task accuracy.

3.2 Prefill Chunking Optimization

Standard prefill involves processing the entire input
M in one pass, which leads to higher peak memory
consumption due to the size of the attention com-
putation. The attention weights are computed as:

softmax( (Q—\/fg) ), where ), K are the query and
key matrices, and dj, is dimensionality of the key
matrix (Vaswani et al., 2017). The larger the M, the
larger the query matrix (), and therefore larger the
attention computation and associated peak memory.
Thus, peak memory during prefill can loosely be
approximated as: Mpeqr = Matten-

PC reduces the peak memory by dividing M
into smaller chunks sizes of k£ « M, and processing
each chunk sequentially. This limits the number
of queries computed at once, thereby reducing the
size of the attention computation: Mchunked ~
max; (Maien (ki)), where k; represents the number

of tokens in chunk <.

3.3 Model Weight Optimization

While KV cache optimization is crucial, model
weight quantization is often needed for deploying
larger models on edge devices with constrained
memory. Therefore, we also consider AWQ (Lin
et al., 2024), a SoTA weight-only quantization
technique which further reduces the total memory.
However, the KV cache quantization error €g,.,
and AWQ weight quantization €,,, can compound
errors, further degrading task performance.

Each type of optimization presents its own set
of hyperparameters, and optimizing across these
require a systematic framework. Our KV Pareto
empirically identifies the Pareto frontier for a given
model, characterizing tradeoffs between total mem-
ory and accuracy for long-context inference.

4 Methodology

Our KV Pareto Framework finds the Pareto fron-
tiers, per model, considering the trade-offs between
total memory savings and task accuracy. KV Pareto
is designed to find the frontier, from a systems
level, considering not only KV cache quantization
schemes, but additionally further memory savings
from PC and model-weight quantization. As shown
in Figure 1, PC is enabled in the prefill phase where
a prompt of length M is segmented into C' smaller
chunks, such that the size of the Query matrix @)
into the multi-head-attention block (MHA) is of
size ¢; € C, lowering peak memory consump-
tion. KV Cache quantization is enabled both in
the prefill and decode phase, and simulated by a
quantization-dequantization (QDQ) process to in-
sert quantization error into both the key K and
value V states. Lastly, weight quantization can be
applied via AWQ for both the prefill and decode
phase on all linear layers.

4.1 Prefill Chunking

PC partitions the input into equal-sized chunks, and
the KV cache is filled iteratively. As shown in Fig-
ure 1, when the prompt is divided into C' chunks,
the KV cache undergoes C' updates. For each
chunk i € {1,...,C}, the update can be expressed
as: KV; < KV,_; + {K;,V;}. As mentioned in
Section 3.2, PC lowers the size of the attention com-
putation, thereby reducing peak memory consump-
tion. We ran ablations to understand the impact
of different chunk sizes, {64, 128,256,512, 1024},
on task accuracy. Appendix B shows minimal accu-
racy changes from PC, and for consistent compar-
isons within our framework, we arbitrarily set the
chunk size to 256 for all KV Pareto experiments.

4.2 KV Quantization

KV quantization compresses the K and V matri-
ces into a lower bit width. We consider int8, int4
and int2 quantization with mixed-precision vari-
ants: {k8v8, k8v4, k8v2, kdv4d, kdv2, k2v2} and
apply signed, asymmetric round-to-nearest (RTN)
quantization. Appendix C provides details on RTN
quantization using 3 techniques, per-token group-
wise, per-sequence groupwise and per-tensor.
We also apply k-smoothing (Zhang et al., 2025) to
improve quantization error. Appendix D shows our
ablations on varying group sizes, showing larger
models perform best at per-token, group size 64,
and smaller models at, per token, group size 32.
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Figure 1: Our KV Pareto Framework, showcasing the integration of prefill chunking (PC), KV cache quantization
and model quantization for prefill and decode phases.

K-smoothing Inspired by SageAttention (Zhang
et al., 2025), we apply mean smoothing to the
K tensor, prior to quantization, to mitigate un-
even distributions in K. Appendix E details the
K-smoothing process and our ablations reveal k4v4
significantly benefits from K-smoothing.

4.3 Model Quantization

KV Pareto also considers the benefit of model
weight compression via weight-only quantization
to reduce total memory utilization. Given its SoTA
performance, we apply AWQ (Lin et al., 2024),
which selectively protects important weight chan-
nels based on activation statistics calculated from
calibration data. We leverage a robust configuration
of AWQ: 4-bit unsigned, asymmetric quantization
with group size 128 along the channel dimension.

5 Experimental Design

All experiments are performed on AMD MI-210
and MI-325 GPUs.

Datasets. We evaluate long context performance
with Hotpotqa (Yang et al., 2018) and Qasper
(Dasigi et al., 2021) from LongBench (Bai et al.,
2024a). To ensure KV Pareto does not degrade
shorter-context tasks, we also evaluate on GSM8k
(Cobbe et al., 2021) and MMLU (Hendrycks et al.,
2020). Dataset details are in Appendix F.

Models. We evaluate across diverse LLM ar-
chitectures, including Qwen2.5-3b and Qwen2.5-
7b instruct (Qwen et al., 2025), Llama3.2-3b and
Llama3.1-8b instruct (Grattafiori et al., 2024a), and
Mistral-7b-instruct-v0.3 (Jiang et al., 2023).

5.1 KV Pareto Frontier Metrics

In our context, a configuration is Pareto dominated
if there exists another configuration that achieves
equal or better task performance with lesser total
memory utilization. Our metrics are:

1. Total Memory Consumption We approxi-
mate total memory utilization to include peak
memory, KV cache memory, and model mem-
ory. Appendix I provides details.

2. Task Accuracy We measure how accurate
each Pareto configuration is on the Long-
Bench (Bai et al., 2024b) tasks to analyze
impact of joint optimizations on task perfor-
mance.

KV Pareto Validation. We validate our se-
lected pareto-optimal configurations using NIAH
(Kamradt, 2023), GSM8k(Cobbe et al., 2021) and
MMLU (Hendrycks et al., 2020) to ensure robust-
ness at higher context lengths and non-long context
tasks. (Yang et al., 2018).

6 Results
6.1 KV Pareto Frontiers

Figure 2 shows the Pareto-optimal configurations
from our framework, measuring total memory con-
sumption at a 10k context length alongside accura-
cies of two long-context tasks. The pareto frontiers
yield 68-78% memory savings with marginal (1-
3%) task accuracy drop. The frontier for Qwen2.5-
3b-instruct, Mistral-v(0.3-7b-instruct and Llama-
3.2-3b-instruct (See Appendix G) is w4al6-kdv4,
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Figure 2: Pareto curves for five models that show the tradeoff between task accuracy and memory consumption,
with frontiers shown with a star, and horizontal lines showing baseline (w16a16_k16v16) accuracy.

while for Qwen2.5-7b-instruct it is w4al6-k8vS,
and for Llama3.2-8b-instruct it is w4al6-k8v2.

Benefit of Joint Study From Figure 2, we see
that PC yields the most reduction in peak mem-
ory with minimal changes to task accuracy and
AWAQ further reduces memory consumption. While
AWQ generally causes task accuracy loss, there
are instances where it benefits task accuracy. For
example, pairing 4-bit weight quantization with
k4v4 improves HotpotQA accuracy compared to
k8v4. Similarly, combining PC with KV quantiza-
tion yields higher-than-baseline task accuracies on
Qasper, while reducing memory footprint (w16al6-
k16v16 vs w16al6-k8v8). We hypothesize this im-
provement stems from k-smoothing. Our findings
stress the importance of our framework, and consid-
ering Pareto-optimal configurations at a systems-
level for edge deployment to maximize tradeoffs.

6.2 Validation of KV Pareto Frontiers

We validate the efficacy of our selected frontiers by
further evaluating them on the following:

GSMS8k & MMLU Evaluations Table 1 shows
the task accuracy for each pareto frontier on
GSMS8k and MMLU. Overall, GSM8k shows a
greater performance drop compared to MMLU,
with AWQ weight quantization having a stronger
impact on GSM8Kk. In general, these results confirm
the efficacy of our pareto-optimal configurations
for complex, shorter context generation (GSM8Kk),
and standard non-generation (MMLU) tasks, with
1-10% degradation, depending on the model.

NIAH Evaluations Figure 3 shows the retrieval
scores for each depth (y axis) within a given doc-
ument length (x-axis) for Mistral-v0.3-7b. The
w4al6-k4v4 frontier maintains stable performance
up to 20k tokens. These results suggest that be-
yond 20k, additional finetuning may be required
to recover task accuracy while preserving memory
savings. See Appendix H for more NIAH results.

6.3 Memory Savings Benefit Beyond 30k

Many real world applications, such as coding
(Jiang et al., 2024b) and RAG (Arslan et al., 2024),
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PC AWQ| Qwen25-3B-1 | Qwen2.5-7B-I

| Llama-3.2-3B-I | Llama-3.1-8B-I | Mistral-v0.3-7B-I

| K/V gsm8k mmlu| K/V gsm8k mmlu| K/V gsm8k mmlu| K/V gsm8k mmlu| K/V gsm8k mmlu

no no |16/16 60.95 66.91|16/16 77.48 70.00|16/16 68.76 58.45|16/16 78.92 64.52|16/16 50.79 60.94
yes no |16/16 61.48 66.87|16/16 77.17 70.07 |16/16 68.84 58.66|16/16 76.50 64.50|16/16 50.03 60.98
yes no | 4/4 56.63 6595| 8/8 7728 69.96| 4/4 67.55 57.33| 8/2 66.00 60.40| 4/4 50.64 60.17
yes yes [16/16 60.12 61.92|16/16 71.03 69.64 |16/16 51.78 56.07 |16/16 75.74 64.30|16/16 48.30 60.49
yes yes | 4/4 5921 61.33| 8/8 71.72 69.64| 4/4 61.03 57.51| 8/2 66.00 60.28 | 4/4 43.66 58.77

Table 1: Performance comparison PC, AWQ and selected pareto optimal configurations (bolded).
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Figure 3: NIAH performance on baseline (a) and pareto-optimal configurations (b).

require even larger context lengths. To address
these practical scenarios, we analyze the benefit of
our selected frontiers at extended context lengths,
such as 128k tokens. Figure 4 explains the im-
portance of taking a systems-level approach for
selecting the pareto frontier, as each additional op-
timization provides a significant memory savings.
For example, a smaller chunk size of 1k saves 23%
memory consumption with W4A16-K8V8. Simi-
larly, a smaller KV cache provides an additional
15% memory savings from w4al6-k4v4. Further-
more, for real world deployment, we see the com-
pounded benefit of adding optimized kernels, such
as FlashAttention (Dao et al., 2022), resulting an
additional 6% memory savings from w4al6-k4v4-
Flash. Note, it is imperative to evaluate the ex-
tent of task performance degradation under these
Pareto-optimal configurations, even at greater con-
text lengths. Given the application dependency, we
leave such evaluations for 128k and beyond context
lengths for future work.

7 Conclusion

We introduce KV Pareto, a systems-level frame-
work for evaluating memory-accuracy tradeoffs in
long-context LLMs. KV Pareto jointly considers
prefill chunking, 4-bit weight quantization, and
KV cache quantization across multiple precision

10K Sequence Length
--=- 10K, no PC, w4al6-k4v4
10K MHA
s 10K FlashMHA

D
o

N
o

N
o
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chunk 4K

Figure 4: Peak memory consumption on 10k vs. 128k
context lengths, comparing SDPA and Flash MHA.

levels, enabling practitioners to identify the pareto-
optimal configurations for edge deployment scenar-
ios, where maximum memory savings are needed
for efficient inference. We specifically focus on
optimization techniques that are lightweight and
do not require out-of-box training for scalability to
diverse LLMs. Our results highlight that pareto-
optimal configurations are model dependent, and
that our framework’s chosen configurations work
well in long context scenarios, as well as shorter
context scenarios. Overall, KV Pareto finds opti-
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mal configurations with a 68-78% total memory
savings with 1-3% long-context task accuracy loss.

Limitations

Our Pareto-optimal configurations currently use
a fixed chunk size, focusing on the impact of en-
abling prefill chunking, varying KV cache quanti-
zation and weight quantization. At 128k context
length, our results show that chunk size plays a
critical role in performance, suggesting that future
work should explore dynamic chunk sizing within
the KV Pareto frontier search. Additionally, fu-
ture work should consider improving the robust-
ness of KV cache quantization, beyond using RTN
quantization. Specifically, future work should con-
sider the inclusion of Hessian rotations, similar to
QuaRot (Ashkboos et al., 2024), and SpinQuant
(Liu et al., 2024a), to improve KV cache quantiza-
tion and push the frontier of KV Pareto. Also, while
we evaluate int8, int4 and int2 KV quantization
(including mixed-precision variants), future work
should expand to other quantization schemes that
are adaptive and layer-specific (Zhang et al., 2024;
Duanmu et al., 2024). Additionally, while prefill
chunking reduces peak memory consumption, it
can introduce additional latency due to repeated
KV cache writes, compared to a single-pass prefill.
Future work should add latency as an additional
optimization criteria in KV Pareto and analyze the
frontiers’ latency tradeoffs. Lastly, future work
should consider the generalizability and applicabil-
ity of KV Pareto to mixed model architectures such
as Granite (Granite Team, 2024) or LFM2'.
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Figure 5: TPOT and TTFT curves on the the HotpotQA
dataset, showcasing the bottleneck of a growing KV
cache at longer contexts.

Appendix
A KV Cache Growth

Figure 5 show how KV cache growth increases
TTFT (time to first token) and TPOT (time per
output token) as the context length increases, on a
long context task (HotpotQA) (Yang et al., 2018),
ultimately increasing inference latency. These in-
creases arise because the prefill phase in LLMs is
compute bound and incurs peak memory usage due
to KV cache initialization, while the decode phase
is memory-bound due to repeated KV cache access
(Patwari et al., 2025).

B Prefill Chunking Ablations

To study the effect of variation in chunksize on
task performance, we evaluated the long context
performance on chunksizes ranging from 64, 128,
256, 512, 1024. Overall, we notice that vari-
ation in chunksize shows no impact on perfor-
mance. In this table, we show ablations using the
w16a16_k16v16 configuration. From these results,
we select a chunksize of 256 for all further experi-
ments.

C RTN Quantization Details

Round-To-Nearest Quantization (RTN) can be de-
fined with the following. Let the K and V tensors
have shape: (B, H, N, D) where B is batch size,
H is number of attention heads, N is sequence
length, and D is head dimension. A quantized

longbench Mistral v0.2 instruct

prefill  hotpotqa qasper
64 36.62 29.68
128 37.10 29.30
256 36.62 29.42
512 36.76 29.51
1024 36.61 29.21

Table 2: HotpotQA and Qasper scores for different
chunksizes for chunked prefill. Variation in chunksize
does not affect task accuracy.

tensor g7 via RTN quantization can be defined as:

qr = round f;—‘ +z )

where, scale s and zero point z are defined follows,
where ¢, and ¢4, are the integer range of the
target quantization:

_ max(7") — min(7")

Gmax — qmin

2

and
min(7y) —‘ 3)

z = round \f]min —
S

Similarly, for the QDQ process, de-quantization is
performed as follows:

Tr|qr—=z]*s @)

Per-token group-wise Each token’s representa-
tion is quantized independently across the heads.
For each token ¢t € [1, N], the head dimension
D is divided into G groups of equal size and
T € RBXHXNxGxG  geales and zero points are

calculated for each group g € G.

Per-sequence group wise Tokens within the
same sequence group share quantization parame-
ters. Specifically, the entire sequence dimension N
is broken into G groups of equal size and scales and
zero points are calculated for each group g € G.

Per-tensor This represents the coarsest granular-
ity where the entire tensor is globally quantized.
Specifically, a single scale and zero point is calcu-
lated for the entire tensor 7' € RB*HXNxD,

Figure 6 provides a diagramatic explanation of
the aforementioned granularities.
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Granularity blocksize KV bits LongBench KV LongBench
bits

hotpotqa qasper hotpotqa qasper
Mistral 7b
- bf16 50.28 39.73 bfl6 50.28 39.73
Per tensor - int8 44.57 36.52 int4 40.05 29.50
Per block 32 int8 44.81 40.74 int4 47.36 38.01
Per block 64 int8 4521 38.87 int4 54.01 31.95
Per block 128 int8 4721 39.75 int4 48.03 32.47
Per token 32 int8 4721 38.94 int4 5042 36.21
Per token 64 int8 46.57 39.53 int4 48.21 37.03
Per token 128 int8 46.57 39.53 int4 48.21 37.03
Qwen 3b
- bfl6 4459 37.38 bfl6 4459 3738
Per tensor - int8 42.19 34.69 int4 3396 13.92
Per block 32 int8 45.68 35.58 int4 4245 2518
Per block 64 int8 4199 36.36 int4 39.87 26.96
Per block 128 int8 43.49 35.88 int4 31.19 25.01
Per token 32 int8 43.63 36.75 int4 45.37 3491
Per token 64 int8 41.63 3624 int4 37.96 27.56
Per token 128 int8 41.39 36.01 int4 40.01 33.26

Quantization
Q, K,V => (batchsize, num_heads, ssq len. head_dim)
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/ ‘p.,s‘ . & Y
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Figure 6: Illustration of KV quantization granularities.

D KV Cache Quantization Ablations

We evaluated multiple KV cache quantization gran-
ularities, as outlined in Table 3, including per-token,
per-block, and per tensor quantization, consider-
ing int4 and int8 precision, to isolate the effect of
granularity on task accuracy. For per-token and
per-block quantizations, we further ablated group
sizes in the range of {32, 64, 128}. Table 3, shows
that per-token quantization yields the best perfor-
mance compared to per-tensor and per-block. Ad-
ditionally, a group size of 32 yields the best task
performance for Qwen 3B, while a group size of 64
yields the best performance for Mistral 7B. Using
this information, we leverage per-token quantiza-
tion with group size 32 for the the smaller models
in KV Pareto (Qwen 3B and Llama3.2 3B), and per
token quantization with group size 64 for the larger
models (Mistral 7B and Llama3.2 8B).

E K-smoothing Method

K-smoothing is inspired from SageAttention
(Zhang et al., 2025) where mean-smoothing is ap-
plied to the K tensor. Specifically, we apply the

Table 3: Granularity-wise KV precision and LongBench
scores for Mistral 7b and Qwen 3b.

following:

&)

where K € bRP*L*D is the original tensor, K is
the mean-centered tensor, B is the batch size, L is
the sequence length (dimension over which mean
is computed), D is the feature or head dimension, b
indexes the batch, 7 indexes the sequence position,
d indexes the feature dimension.

E.1 K-smoothing Ablations

Our ablation studies show that subtracting Keqn
(averaging along sequence dimension) from K for
per-token quantization gives the best configuration
for smoothing. Overall, this shows the necessity of
K smoothing for lower precision (int4) support.

K smoothing: qwen3b

precision  averaging across  hotpotqa
int8 No smoothing 44.77
int8 head_dim 44.46
int8 seq_len 46.15
int4 No smoothing gibberish
int4 head_dim gibberish
int4 seq_len 41.69

Table 4: Results for K smoothing by subtracting mean
across various dimensions, for int4 and int8. Including
K smoothing improves results significantly.
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Figure 7: Llama-3.2-3B-Instruct’s pareto optimal
search.

F Evaluation Dataset Details

We evaluate KV Pareto on long context datasets
from LongBench (Bai et al., 2024b), specifically
HotpotQA (Yang et al., 2018) and Qasper (Dasigi
et al., 2021). Both Qasper and HotpotQA evalu-
ate multi-document QA and single-document QA
using F1 scores. The average prompt length in Hot-
potQA is 9k, whereas the average prompt length
in Qasper is 4k. We additionally evaluate on
the Needle-in-a-haystack (NIAH) (Kamradt, 2023)
which evaluates text retrieval (needle), in large doc-
ument scenarios. The NIAH benchmark supports
up to 32k context length.

We also evaluate on GSM8k (Cobbe et al., 2021)
and MMLU (Hendrycks et al., 2020) tasks which
are not considered long context tasks to ensure
minimal task performance degradation on these
standard evaluation tasks. For both GSM8k (Cobbe
et al., 2021) and MMLU (Hendrycks et al., 2020)
evaluations, we leveraged LM-Eval-Harness (Gao
et al., 2024), and specifically set the evaluation
sample size to 50 across all subjects for MMLU.

G Longbench Pareto curves

Figure 7 shows an additional pareto search from
our KV Pareto framework for the llama-3.2-3b-
instruct model. T pareto-optimal solution is at
W4A16_K4V4 configuration.

H NIAH results

We also assess information retrieval performance
using the Needle in a Haystack benchmark on the
Qwen-2.5-3B-Instruct model. Figure 8 illustrates
retrieval accuracy up to a 32k context length. No-
tably, the baseline results show poor performance at

W16A16 K16V16 + PC: qwen-2.5-3b-instruct
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Figure 8: NIAH performance on selected
configurations.

26k tokens, which may be due to model-specific be-
havior. The w4al6_k4v4 configuration maintains
acceptable performance up to 14k context length.

I Memory Consumption Approximation
Details

The memory consumed by the model is a sum
of model parameters, KV cache size and peak
activation memory. Model parameters are calcu-
lated by counting the parameters and corresponding
datatypes. KV cache is calculated as described in
Section 3. The peak activation memory is dom-
inated by either Im_head layer or by the MHA
depending on the operating conditions.

npM? if SDPA,
mempyga = § npeM if SDPA, PC,
b2 +2b7, + A if Flash-MHA.
(6)
MEMm_head = M X vocab_size (7

meMpeak = mam(memMHAy memlm_head) (8)
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Model Name bf16 baseline Pareto Memory @ Memory
memory (GB) Optimality Optimality (GB) reduction %
Qwen 2.5 3B Instruct 11.49 W4A16_K4V4 + PC 3.10 73 %
Llama 3.2 3B Instruct 14.10 W4A16_K4V4 + PC 3.36 76 %
Qwen 2.5 7B Instruct 24.90 W4A16_K8VS8 + PC 7.74 68 %
Llama 3.1 8B Instruct 26.91 W4A16_K8V2 + PC 6.83 75%
Mistral v0.3 7B Instruct 24.34 W4A16_K4V4 + PC 5.52 78 %

Table 5: Pareto-optimal memory configurations for different LLMs.

where 1, denotes number of attention heads, b,
and by, are block sizes in Flash Attention kernel,
M is the total sequence length and c is the chunk

size.
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MizanQA: A Benchmark for Multi-Answer Moroccan Legal QA

Adil Bahaj
Mohammed 6 Polytechnic University

Abstract

We present MizanQA, a benchmark for assess-
ing LLMs on Moroccan legal MCQs, many
with multiple correct answers. Covering 1,776
expert-verified questions in Modern Standard
Arabic enriched with Moroccan idioms, the
dataset reflects influences from Maliki ju-
risprudence, customary law, and French le-
gal traditions. Unlike single-answer settings,
MizanQA features variable option counts, cre-
ating added difficulty. We evaluate multilin-
gual and Arabic-centric models in zero-shot,
native-Arabic prompts, measuring accuracy,
a precision-penalized F1-like score, and cal-
ibration errors. Results show large perfor-
mance gaps and miscalibration, particularly un-
der stricter penalties. By scoping this bench-
mark to parametric knowledge only, we provide
a baseline for future retrieval-augmented and
rationale-focused setups.

1 Introduction

Large language models (LLMs) have driven ma-
jor advances in natural language understanding
and generation, yet their effectiveness in special-
ized domains such as legal contexts—especially
in low- and medium-resource languages like Ara-
bic—remains an open research challenge. This pa-
per investigates LLMs’ ability to comprehend and
process Arabic legal corpora within the Moroccan
legal system.

Moroccan legal language intensifies the
difficulties Arabic already poses for LLMs
(Bayan Kmainasi et al., 2025; Daoud et al., 2025).
Although written in Modern Standard Arabic,
Moroccan law is permeated with local idioms
and cultural references. It reflects a blend of
Islamic Maliki jurisprudence, customary law, and
French/international influences, which introduces
“cultural specificities inherent to legal terminology”
(Ismail Mellouki, 2021). As a result, statutes often
use archaic or region-specific expressions absent
from standard Arabic corpora. For NLP systems,

Mounir Ghogho
Mohammed 6 Polytechnic University

this mix of formal syntax and Morocco-specific
terminology creates major challenges, making
accurate legal QA dependent on handling precise
phrasing while recognizing concepts unique to
Morocco’s legal system.

We introduce MizanQA, a benchmark for evalu-
ating LLMs on Moroccan legal question answering.
It contains over 1,700 MCQ pairs spanning basic
legal knowledge to detailed reasoning in various
legal categories. A key feature is the presence of
multi-answer questions, which increase task diffi-
culty beyond standard single-answer formats.

In summary, this paper makes the following key
contributions:

* A curated Arabic MCQ benchmark! for Moroccan
law with multi-answer items and variable option
counts.

e Clearer evaluation criteria for multi-answer MCQ:
strict accuracy, precision-penalised F1-like, and
ECE variants (per-option, set-level).

» Zero-shot, native-Arabic evaluation of multilin-
gual and Arabic-centric LLMs, revealing accuracy
and calibration gaps.

* A parametric-knowledge baseline (no retrieval), to
be complemented by RAG and reasoning tracks in
future work.

2 Related Work

The success of multilingual LLMs (e.g., GPT
(OpenAl et al., 2024), Gemini (Yang et al., 2024;
Team et al., 2023)) has led to native Arabic mod-
els such as ALLAM (Bari et al., 2024) and JAIS
(Sengupta et al., 2023), yet these still show domain-
specific knowledge gaps (Bayan Kmainasi et al.,
2025; Daoud et al., 2025). Existing legal bench-
marks are mostly English-focused (Fei et al., 2024;
Hijazi et al., 2024; Guha et al., 2023; Pipitone and
Alami, 2024; Li et al., 2024; Dahl et al., 2024), with

1https: //huggingface.co/datasets/adlbh/
MizanQA-v@
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only limited coverage in Chinese (Fei et al., 2024;
Li et al., 2024) and Saudi Arabic (Hijazi et al.,
2024). To date, just one Arabic legal benchmark
exists (Hijazi et al., 2024), largely based on trans-
lated content and Saudi law. This work introduces
the first Moroccan legal QA dataset, capturing its
unique linguistic and cultural complexity. Unlike
prior benchmarks with only single-answer MCQs,
Moroccan legal exams often require multiple cor-
rect answers from variable option sets, motivating
new evaluation metrics for this setting.
3 MizanQA Dataset
3.1 General Description

MizanQA is constructed from publicly available
Moroccan law MCQ banks and exams. The dataset
contains 1,776 questions, option counts range 2—12,
and correct-answer counts 1-10 across 9 law cat-
egories. Table 1 summarises different statistics of
MizanQA. The dataset contains a varying number
of options and correct answers, which increases
the complexity of the benchmark. Table 2 lists
the number of questions per legal topic category.
Table 3 gives an example of a question present
in MizanQA. Figure 1 shows the distribution of
the number of options per question in the dataset.
Figure 2 shows the distribution of the number of
correct options in the dataset.
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Figure 1: Distribution of the number of options in the
dataset.

3.2 Construction Process

The dataset’s construction process went through
multiple phases, with hybrid manual and automated
steps.

* Step 1: Collection. We collected a set of pub-
licly available Moroccan-law MCQ sources.

* Step 2: Temporal curation A legal expert
curated the collected documents to sift out
any documents that use outdated legislation.
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Figure 2: Distribution of the number of correct options
in the dataset.

* Step 3: Organisation. MCQs were grouped
into image batches to enable automated ex-
traction. For structured documents with con-
sistent formatting, this was automated, while
irregular documents (e.g., spanning pages
or with answers at the end) required man-
ual organization. In these cases, annota-
tors captured screenshots of complete ques-
tion—option—answer sets, ensuring each page
was self-contained before conversion to im-
ages.

» Step 4: Extraction. The images contain-
ing batches of MCQs produced in the pre-
vious step are fed to a multimodal LLM
(i.e. Gemini-2.0-Flash in our case) to extract
MCQs in a standardised format.

* Step 5: Verification. The extracted MCQs in
the previous step are verified manually. The
curators follow a set of verification guidelines
(appendix A.5) to ensure that the extracted
questions are identical to the original ones.

* Step 6: Categorisation. Depending on the
original documents, MCQs are categorised
manually based on the set of legislation they
represent (e.g. Criminal law, constitution, etc).
This is followed by normalisation of the cate-
gories to remove any redundancy.

4 Benchmarking Study

4.1 Evaluation metrics

Accuracy Measures We found that most MCQs
from Moroccan sources have multiple options.
An answer is considered correct only if all the
right options are chosen. To our knowledge, prior
QA benchmarks do not target multi-answer Ara-
bic MCQs with variable option counts. Conse-
quently, we created different performance met-
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Statistic Values
Number of questions 1776
Number of categories 9
Number of options per question min: 2, max: 12
Number of words per question min: 1, max: 63
Number of correct options per question | min: 1, max: 10
Number of words per option min: 1, max: 71

Table 1: General statistics of MizanQA. min and max signify the range of values that a statistic has in the MizanQA.

Category (EN) Category (AR) Count
Civil Procedure Aol 3 el 460
Criminal Law Akt O galaty 847
Exam St Y| 131
Family Code 5 N A gte 38
Family Law o ,w¥ 3aled! 66
Law of Obligations and Contracts 2 gaatl g Olal 23N O gold 37
The Judicial System of the Kingdom — 4Sleold bl edaicd 88
The Justice Sector Juall ¢ s 39
The Moroccan Constitution o2 el ghewd| 70

Table 2: Distribution of topic categories in MizanQA.

Arabic

English Translation

Question

Options

Answer

(Jelad J3i Ails 51 LI cows 3]
dooliat of WSLB of 3,008 el y o
cell sliell b Ailad db s
sLS) dovis ol Al ngolSS f laslw
D13 (el A5l 3o

A ALY aaSmal J g¥ s ML
Byl (e Auadl ade Ad g aedl
syl 3 13) Solell alall Juss 4l
Lalse  Iyldliue  Guas 4 G
'WieSmas  Gud=UL, ‘B’ Glas fal
S Hladwed! Ol Aol e
Leasl Wl | ol ey Guasill
GLlisdl A2,8 ), 'Cr Eas 1Y
dundll o dld (Ao ).asﬂ
Gl e ASIMG RS (I
dolge Lgxd mgiall Jgljn, D’ s
3] (add) AeSme (1) polais¥
Ma jo Adiliadll Al yal daslss ol
DIy g gemn B Al g 5 yabeed
ASleatl, B el B dall (S
eSSl A b J3 ), T e
'Z\a__'c_‘:-..v.a 2\43:.-‘5”

F

If it is alleged that a Pasha, a first deputy
to a governor, a head of a department, a
commander, or a judicial police officer
other than those previously mentioned,
has committed a felony or misdemeanor
while performing their duties, then

’A’: The first president of the Court of
Appeal to whom the case is referred by
the Public Prosecutor, if he decides to
conduct an investigation, shall appoint
an advisor in charge of the investigation
in his court., ’B’: If it is a felony, the
investigating advisor issues an order re-
ferring the case to the criminal chamber.,
’C’: If it is a misdemeanor, he refers the
case to a court of first instance other than
the one in which the accused performs
his duties., *’D’: Jurisdiction reverts to the
Court of Cassation if the judicial police
officer is qualified to perform his duties
throughout the Kingdom., E’: The civil
party may intervene before the arbitral
tribunal., "F’: All the answers are correct

F

Table 3: An example of a Question and its corresponding answer in MizanQA.
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rics to evaluate LLMs on this task. Let QO =
(Qi, 04, C;), be the set of questions (), their cor-
responding options O; and the correct options Cj.
Let P(Q;, O;) be a prompt parameterised by ques-
tion @); and its corresponding options O; and let
S; = LLM(P(Qi, O;)) be the set of options pre-
dicted by an LLM to be correct for question Q);.
Si = {(¢j,p;)}; is composed of tuples (¢;,p;),
where C' = {¢;}; is the set of predicted options,
¢; € O; is an option selected by the LLM and

€ [0,1] is the LLM’s corresponding confidence
that option j is the right option. We define strict
accuracy as:

12l

ACC |Q‘ZE[C\C =C;\Cy=0)]

(1

114 is the indicator function, which equals 1 if A is
true and O otherwise. ACC rewards only perfectly
correct answers. Additionally, to reward partial cor-
rectness while penalising incorrect selections, we
propose a metric inspired by the F1 metric (Sitarz,
2022):

Q]

. 1 2P,R;
Fl-like, = —
RATe] Zi P+ R;

where R; = % is equivalent to recall and

2

o TP, . . ..
P = w555 P rafp 1S equivalent to precision, such

that TP, = | 5|, FP, = |C; \ Cy| and
FN; = |C;\ ;] are true positives (correct answers

selected), false positives (wrong answers selected)
and false negatives (missed correct answers), re-
spectively. a > 1 increases the penalty for wrong
choices. We also propose Partial Match Penalized
Accuracy (PMPA):

PMPA; = & 319 max (0, min (1, %))

3
where 5 € [0,1] is a penalty factor for incorrect
answers. The F1-like score and the PMPA score
have a similar objective, but the PMPA score is
more advantageous in cases where the number of
correct options varies significantly. This is partic-
ularly important since the number of options per
question in our dataset varies from 2 to 12.

Confidence calibration measures A model ex-
hibits well-calibrated uncertainty when its pre-
dicted probabilities are congruent with observed
empirical frequencies; specifically, events assigned
a probability p occur with a relative frequency of

p in empirical validation. Following (Naeini et al.,
2015), we estimate Expected Calibration Error
(ECE) by binning predicted confidences of N sam-
ples into M equally-spaced bins B = {B,,}M_,
w.r.t. the prediction confidence estimated for each
sample. The empirical ECE estimator is given by,

B
ECE=)_ |]\T||conf(Bm) —acc(Bp)| )
m=1
We use this measure in two settings: a) the Per-
Option Calibration and b) Set-level Calibration.

* Per-option Calibration Setting: Let Doy =
{(vi,j,pi,j)} such that i is the index of examples
and j is the index of options (i.e. jth predicted
option of the ith example). Let y; ; = 1jz, .ec,-

— The empirical accuracy in bin B,,, is:

acc(Bp,) Z Ly—1y )
y:p)EBm
— The average predicted confidence is:
conf(Bp) = —— Y. p (6)

— Number of examples N: N =

(?J P)EBm

| Dop|

* Set-level Calibration: let Ds; = {(z;, ¢;) }; such
that z; = ]l[ ¢,=c,) 1s an indicator which equals
1 if and only if the predicted set exactly matches
the ground truth. Set-level confidence multiplies
option confidences, implicitly assuming indepen-
dence: q; =[], ,,)es, Pj- We use it as a conser-
vative proxy for joint correctness without adding
model-specific calibration tricks. After binning
the pairs (z;, ¢') the following metrics can be cal-
culated :

— Empirical accuracy in each bin (acc(B;y,)):

1
B 2

(Zi 7qi)€Bm

acc(By,) = (7)

— Average predicted joint confidence (conf(B,)):

1
conf(B,,) = —— Z i )
| Bin|
(Zi7qi)6B7n
— Number of examples N: N = |Dy|

Practically, the Per-option Calibration Setting
(ECEop) and the Set-level Calibration error
(ECEq¢) are obtained by replacing their respec-
tive expressions of conf(B,,), acc(B,,) and N in
equation 4.
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Why F1-like and PMPA? Multi-answer MCQs
require selecting all and only correct options, so
naive accuracy both under-rewards partial knowl-
edge and conflates omission with commission er-
rors. To address this, F1-like, penalizes extra
wrong selections more heavily, while PMPA g nor-
malizes by the true set size, ensuring comparability
across variable option counts and numbers of cor-
rect answers (as in Moroccan legal MCQs). Along-
side ECE at both option and set levels, these metrics
capture not only prediction accuracy but also confi-
dence calibration under multi-answer uncertainty.
4.2 Baselines

We evaluated various multilingual and spe-
cialised Arabic LLMs on MizanQA. These mod-
els have varying levels of complexity (i.e. num-
ber of parameters, support for reasoning etc). We
evaluated the following models: Allam-2 (7b)
(Bari et al., 2024), Gemini-1.5-Flash (Yang et al.,
2024; Team et al., 2023), Gemini-2.0-Flash (Yang
et al., 2024; Team et al., 2023), Llama-3.3 (70b)
(Grattafiori et al., 2024), Llama-4-Maverick (17b)
(Team, 2025), and Llama-4-Scout (17b) (Team,
2025).
4.3 Experimental Setting

All models are evaluated zero-shot in native Ara-
bic script with a fixed prompt (English translation
in Fig. 3), requiring outputs as option letters with
per-option confidence. Responses are parsed, mal-
formed outputs are re-prompted, and failures are
marked incorrect. Experiments use temperature =
1, with no tool use or retrieval (details in Appx. B).
We deliberately exclude retrieval-augmented set-
tings to isolate models’ parametric legal knowledge
in Moroccan Arabic. This avoids confounding re-
trieval with reasoning, ensures comparability to
prior legal QA benchmarks, and establishes a base-
line for future retrieval-augmented extensions.
4.4 Results

Table 1 summarises the overall results. Gemini-
2.0-Flash leads ACC and PMPA, and is best on F1-
like(2) (higher penalty on extra selections). Llama-
4-Maverick narrowly tops F1-like(1) and exhibits
the lowest ECE at both option and set levels, in-
dicating more conservative confidence allocation.
Performance declines as penalty strength increases.
Results confirm substantial gaps and miscalibra-
tion, especially under stricter penalties.
4.4.1 Performance vs. category

Appendix B.1 shows that LLM performance
generally improves from Allam-2 (7b) to Gemini-
2.0-Flash, with Gemini models outperforming the

Prompt(EN)

- You have been given a question about Moroccan
law.

- Answer the question by choosing the correct option
indicator.

- You can choose multiple options that you think are
correct.

- Make sure to choose only the correct options or you
will be penalized.

-Give your confidence score from 1 to 100 for each
option you choose.

- Your output must be in the following format only
[("Confidence Score", "Option 1"), ("Confidence
Score", "Option 2")...].

# Question:

<QUESTION>

# Options:

<OPTIONS>

#Answer:

Figure 3: English translation of instructions used to
prompt various LLMs to answer MizanQA questions.

Model PM(1) 1 PM(0.5)1 F1(1) 1 F1(2) 1
Allam-2 (7b) 26.88  34.04 43.07 39.93
Gemini-1.5-Flash 3590 4423 5330 48.93
Gemini-2.0-Flash 5357 5834 64.84 62.16
Llama-3.3 (70b) 46.78  50.73 5921 56.18
Llama-4-Maverick (17b)  49.97  55.53 64.90 61.29
Llama-4-Scout (17b) 4406  49.01 59.51 55.60

(a) F1(«) refers to the F1-Like metric in equation 2. and
PM(3) refers to the measure in equation 3.

Model ACC 1 ECEgp | ECEg |
Allam-2 (7b) 15.32 2842 5143
Gemini-1.5-Flash 2426 34777 48.52
Gemini-2.0-Flash 42.11 28.15 41.16
Llama-3.3 (70b) 33.28 3527 59.40
Llama-4-Maverick (17b) 36.83 17.64  29.10
Llama-4-Scout (17b) 31.27 3699 61.78

(b) ACC refers to equation 1; ECEqy and ECEy refer the
options and set variants of equation 4 respectively.

Table 4: Evaluation results of various models on
MizanQA.

Llama series. Accuracy is higher in the Law of
Obligations and Contracts and the Moroccan Con-
stitution, likely due to alignment with international
legal standards, while lower scores in the Fam-
ily Code and Criminal Law reflect challenges tied
to Islamic jurisprudence and human rights frame-
works. Calibration errors vary across models and
categories, revealing inconsistencies between con-
fidence and predictive accuracy.
4.4.2 Performance vs. Options Count
Appendix B.2 shows that performance declines
as the number of options increases: accuracy and
selection-sensitive metrics (F1-like, PMPA) drop,
while calibration errors rise at both option and set
levels. The steepest losses occur in F1-like(2) and
PMPA(1), with ACC falling more gradually and
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ECEge; growing faster than ECE,, due to com-
pounding uncertainty. While model rankings re-
main stable, performance gaps widen at high op-
tion counts, underscoring choice-set size as a key
challenge and the importance of selection-aware
metrics and set-level calibration.

S Conclusion

This paper introduces MizanQA, the first bench-
mark for evaluating LLMs on Moroccan legal
question answering. The dataset comprises 1,776
expert-validated MCQs from authentic legal texts,
including many multi-answer items with variable
option counts that reflect the linguistic and con-
ceptual complexity of Moroccan law. Initial re-
sults indicate baseline competence but persistent
gaps—especially as choice sets grow; by scoping
this benchmark to parametric knowledge only (no
retrieval), we establish a clear foundation for future
retrieval-augmented and rationale-focused tracks.

6 Real world Impact

Morocco is home to a population of over 37
million and a vibrant multilingual legal ecosys-
tem, yet many citizens—especially in rural areas,
among Amazigh-speaking communities, or in eco-
nomically disadvantaged settings, face acute bar-
riers when it comes to accessing and understand-
ing legal knowledge. Despite recent reforms and
laws promising transparency, implementation re-
mains patchy and information often remains inac-
cessible. In recent years, the rapid emergence of
legal-technology platforms (such as Juridia) has
been reshaping access to justice and legal services.
Despite this progress, there remains a striking ab-
sence of publicly-available benchmark datasets
aligned with the domestic legal context (Arabic,
French, Moroccan regulatory and case-law mix)
that industrial systems can use for rigorous evalua-
tion, model comparison and continuous improve-
ment. Our proposed dataset fills this gap by of-
fering domain-specific, openly reusable data tuned
to Morocco’s legal ecosystem, thereby enabling
legal-tech developers, law firms and regulators to
benchmark model performance, identify bias or er-
rors. In doing so, it supports the deployment of
robust, scalable NLP systems in real-world indus-
trial settings.

Limitations

This work is a domain-specific first step in Ara-
bic legal evaluation, focused on Moroccan law.
Limitations include: (i) coverage bias from a fi-
nite set of law categories and imbalance across

them; (ii) limited real-world complexity, as even
reasoning-based, multi-answer items can oversim-
plify legal interpretation; and (iii) reliance on
MCQs, which do not fully capture professional rea-
soning. Following prior work (Guha et al., 2023;
Fei et al., 2024), MizanQA is scoped to parametric
knowledge only (no retrieval, prompt engineering,
or tool use) to isolate memorized legal-term under-
standing and provide a clean baseline for future
retrieval-augmented and rationale-required tracks.
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Ethics Statement

This work presents MizanQA, a research-
oriented legal QA benchmark based on Moroc-
can law, constructed from official public-domain
sources while excluding sensitive data. One legal
expert and four researchers (PhD/postdoc) volun-
teered to verify MCQs and correct answers (Ap-
pendix D). Verification guidelines required content-
faithful transcriptions, option-order checks, and
answer parity with the source. No personal data
were used. We include license, compensation (vol-
unteer), and conflict-resolution procedures in Ap-
pendix D.
A Construction process

The construction process of MizanQA is semi-
automated. It is composed out of multiple steps,
some of which are automated while others require
human intervention. We observed that a signifi-
cant number of documents are based on outdated
legislation; consequently, to remove these docu-
ments, Step 2 was included. The motivation behind
steps 3 and 4 is the problems faced by annotators
when copying and pasting Arabic text from PDFs.
The vast majority of documents, when copied and
pasted, produce unreadable information. Conse-
quently, optical character recognition (OCR) was
essential to automate the extraction. Although the
automated extraction is highly accurate, the LLM
produces some mistakes (e.g. not listing all the
right answers, etc). To eliminate these issues step
S is conducted for manual verification. In the last
step, MCQs are categorised depending on the orig-
inal documents from which they were extracted,
and the categories are normalised to remove any
redundancies made by the annotators. In what fol-
lows, we give more details about the construction
process.
A.1 Step 1: Collection

The data is collected from a plethora of docu-
ments that are generally PDFs or Word documents.
The MCQs are structured in various formats inside
the documents: single MCQ per page (Figure 4),
multiple MCQ per page (Figure 5), etc.
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Y Lt )1 5 i) AaSaal 41 gaal) cilialiaiay)

Figure 4: An example of a document page.
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Figure 5: An example of a document page.

A.2  Step 2: Temporal curation

The raw documents are given to a legal expert to
evaluate the recency of the legislation that they are
based on. The documents based on outdated legis-
lation are not considered for further processing.
A.3 Step 3: Organisation

The chosen documents are then either manually
or automatically transformed into images contain-
ing batches of MCQs. The automatic process takes
advantage of the structured nature of some docu-
ments to gather them in batches. On the other hand,
for more irregular documents (e.g. pages contain a
varying number of MCQs, MCQs that are not com-
pletely expressed on the same page, the answers
for MCQs are in a separate page, etc). In this case,
the MCQs are screened one by one manually and
concatenated into a document. The pages of the
documents are then turned into images. Figure 6
shows an example of these images.

A.4 Step 4: Extraction

After organising the MCQs to images, where
each image contains a batch of MCQs, the im-
ages are fed to a vision LLM (Gemini-2.0-Flash) to
structure the MCQs in a machine-readable format
automatically. Figure 7 represents the prompt used
to extract MCQs. The extraction LLM is used only
to transcribe/structure public-domain MCQs; all
items/answers were manually verified (A.5), and
extraction does not influence evaluation.
A.5 Step 5: Verification

In this step, the MCQs are manually verified
by annotators. The verification step follows the
following guidelines:
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QA Pairs extraction from images

#Instructions: - This is a list of multiple-choice
questions in Arabic.
- Extract the different MCQS in the following format:

[

nonn
s

"question":
"options":
TAT,
"B": ",

s
"answer": "option index letter",
“hint":"",

woown

"source":

B

# Response:

.

Figure 7: Prompt for extracting MCQs from the organ-
ised images of MCQs obtained in step 3.

L]

Check if the question is identical to the origi-
nal question.

Check if the options are correct.

Check if the order of options is the same.

¢ Check if the answers are identical to the
source answers.

A.6 Step 6: Categorisation

The annotators are tasked to use the original
documents from which the MCQs are extracted to
categorise the different law texts that they are based
on (e.g. Criminal Law, Constitution, etc.). These
categories are explored and normalised to remove
any redundancy.
B Benchmarking

MizanQA is tested on many multilingual and
Arabic language models to assess their knowledge
of Moroccan law. Figure 8 shows the prompt for
prompting the different LLMs. 9 gives an English
translation of the prompt. We map reported confi-
dences to [0,1] by dividing by 100.
B.1 Performance vs. Law Category

Table 5 summarises the results of the different
models by law category. The models are assessed
across several Moroccan law categories: Civil Pro-
cedure, Criminal Law, Family Code, Family Law,
Law of Obligations and Contracts, The Judicial
System of the Kingdom, The Justice Sector, and
The Moroccan Constitution. Per-category analyses
exclude the ‘Exam’ bucket (mixture of topics) to
isolate category effects. Across the models, there
is a general trend of improvement in performance
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#1000l
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Figure 8: Instructions used to prompt various LLMs to
answer MizanQA questions.

Prompt (EN)

- You have been given a question about Moroccan
law.

- Answer the question by choosing the correct option
indicator.

- You can choose multiple options that you think are
correct.

- Make sure to choose only the correct options or you
will be penalized.

-Give your confidence score from 1 to 100 for each
option you choose.

- Your output must be in the following format only
[("Confidence Score", "Option 1"), ("Confidence
Score", "Option 2")...].

# Question:

<QUESTION>

# Options:

<OPTIONS>

#Answer:

Figure 9: English translation of instructions used to
prompt various LLMs to answer MizanQA questions.
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from Allam-2 (7b) to Gemini-2.0-Flash, with the
Gemini models generally outperforming the Llama
models. For specific law categories, Law of Obliga-
tions and Contracts and the Moroccan Constitution
tend to have higher scores across most metrics and
models, indicating that these areas may be easier
for the LLMs to handle. This may reflect greater
alignment with internationally standardised con-
cepts and terminology. Conversely, Family Code
and Criminal Law often exhibit lower performance
scores, suggesting these domains pose a greater
challenge. These domains combine Islamic ju-
risprudence with modern human-rights norms, in-
creasing doctrinal complexity. The calibration er-
rors (ECEp and ECEge) vary across models and
categories, with no clear pattern of consistency, in-
dicating differences in the models’ confidence and
accuracy alignment.

B.2 Performance vs. Number of options

In addition, figures 10, 11,12, and 13 repre-
sent the stratified results by the number of an-
swer options (2—12) for Gemini-2.0-Flash, Gemini-
1.5-Flash, Llama-3.3 (70b) and Llama-4-Maverick
(17b) respectively. We report ACC, F1-like(1/2),
PMPA(1/0.5), and calibration (ECE,p, ECEgey) per
bin. All metrics are shown on a 0-100 scale; ECE
values are plotted as percentages. Across Gemini-
2.0-Flash, Gemini-1.5-Flash, Llama-3.3-70B, and
Llama-4-Maverick-17B, we observe the same qual-
itative pattern: as the number of options per ques-
tion increases, accuracy and the selection-sensitive
metrics (F1-like and PMPA) decrease, while cali-
bration errors—both option-level ECE and set-level
ECE—increase. The decline is most pronounced
for F1-like(2) and PMPA(1), which penalise extra
selections more heavily; ACC falls more gently,
reflecting its insensitivity to partial credit. Set-
level calibration (ECEg) grows faster than option-
level (ECE,p), consistent with compounding un-
certainty when models distribute probability mass
over longer option lists. Collectively, these curves
indicate rising over-selection risk and worsening
confidence alignment as choice sets grow.

The relative ranking of models on top-line met-
rics largely persists across option-count bins, but
gaps widen at high option counts, where selection
penalties and joint-confidence calibration matter
most. This analysis pinpoints choice-set size as
a dataset-level difficulty factor and clarifies why
selection-aware metrics and set-level calibration
are essential for multi-answer legal MCQ.
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C Technical setup

All the experiments are conducted using either
the Groq API or the Gemini API. All the models
are incorporated in Groq except Gemini-2.0-Flash
and Gemini-1.5-Flash. We use Python to access the
APIs, prompt the models, process and save their
outputs.
D Annotators

This dataset was annotated by volunteers. The
group of volunteers contained one legal expert,
three PhD students and one postdoctoral student,
supervised by a professor. These participants
agreed to volunteer for free due to the importance
of the dataset in the assessment of legal knowledge
in LLMs, which is a first step towards democratis-
ing access to legal support in Morocco. These
annotators belong to a diverse set of demographic
and socioeconomic backgrounds. Dataset license:
CC BY-NC-SA 4.0; source texts are public-domain
official materials.
E Useof AI

Al has been used in the extraction process. It
was also evaluated using our dataset. During the
writing of the paper, it was used for editing and
grammar and style correction.



Model Category PMPA(1) PMPA(0.5) F1-Like(1) F1-Like(2) ACC ECEyp ECEg
Allam-2 (7b) Civil Procedure 27.70 35.34 46.28 42.98 10.87 21.09 52.88
Criminal Law 26.73 32.90 40.94 38.00 17.95 33.02 50.62
Family Code 20.61 25.00 33.60 31.62 7.89 37.83 67.03
Family Law 31.69 39.71 50.13 47.33 13.64 27.36 56.62
Law of Obligations and Contracts 31.08 38.51 46.76 44.14 1892 1945 52.75
The Judicial System of the Kingdom 17.61 27.46 36.66 3290 6.82 27.61 48.98
The Justice Sector 27.35 35.68 47.48 43.13 17.95 35.02 57.66
The Moroccan Constitution 41.67 54.64 64.40 59.69 28.57 24.62 40.50
Gemini-1.5-Flash Civil Procedure 40.50 50.66 61.79 56.72 25.85 19.02 43.48
Criminal Law 29.55 35.99 44.19 40.48 19.45 47.02 53.85
Family Code 48.68 54.61 63.51 59.52 3421 2221 51.46
Family Law 39.07 50.77 63.16 57.04 18.18 21.81 52.12
Law of Obligations and Contracts 70.27 79.05 84.41 80.77 62.16 14.94 22.15
The Judicial System of the Kingdom 39.32 47.44 54.07 50.06 29.49 29.44 47.19
The Justice Sector 42.31 55.56 62.54 56.49 30.77 26.31 50.79
The Moroccan Constitution 49.75 60.61 66.85 62.60 4091 17.10 32.25
Gemini-2.0-Flash Civil Procedure 56.63 62.65 69.35 66.70 40.09 12.94 40.54
Criminal Law 48.37 51.86 58.72 56.04 39.55 40.25 44.13
Family Code 62.28 64.91 69.04 67.54 5526 17.44 34.49
Family Law 60.23 66.91 73.51 70.72 4091 13.13 41.31
Law of Obligations and Contracts 73.42 77.48 81.62 80.18 64.86 11.35 25.74
The Judicial System of the Kingdom 52.49 57.71 63.92 61.18 39.08 21.74 43.95
The Justice Sector 53.42 67.09 74.67 68.21 38.46 18.64 37.88
The Moroccan Constitution 69.76 75.12 80.29 78.00 58.57 11.43 30.61
Llama-3.3 (70b) Civil Procedure 48.29 53.37 61.47 58.97 29.57 22.63 61.61
Criminal Law 44.24 47.38 57.52 53.79 33.29 44.85 60.60
Family Code 47.37 52.63 57.98 55.96 34.21 30.00 60.50
Family Law 42.75 49.43 56.20 53.21 21.21 25.82 66.62
Law of Obligations and Contracts 66.67 69.82 73.40 72.1259.46 17.96 37.40
The Judicial System of the Kingdom 42.33 46.92 53.74 50.92 29.55 32.00 60.75
The Justice Sector 58.12 65.49 73.99 69.12 43.59 24.01 51.21
The Moroccan Constitution 59.05 62.14 67.46 65.98 45.71 17.88 48.85
Llama-4-Maverick (17b) Civil Procedure 53.86 59.98 67.61 65.17 35.15 7.55 33.10
Criminal Law 46.16 50.90 63.01 58.32 3570 26.38 28.35
Family Code 56.14 60.75 65.18 63.3342.11 9.84 30.08
Family Law 47.78 54.75 63.47 60.43 24.24 13.12 37.67
Law of Obligations and Contracts 72.97 78.38 82.52 80.36 64.86 5.92 26.88
The Judicial System of the Kingdom 46.31 53.03 59.78 56.70 34.09 13.48 37.28
The Justice Sector 51.92 61.11 68.64 63.9341.03 9.72 2345
The Moroccan Constitution 61.90 67.98 72.86 70.67 5429 835 29.89
Llama-4-Scout (17b) Civil Procedure 52.26 57.20 64.96 62.62 34.78 22.09 57.10
Criminal Law 36.94 41.68 56.18 50.63 26.09 48.03 68.15
Family Code 50.00 55.26 60.18 58.2539.47 29.33 56.42
Family Law 44.44 49.65 57.30 54.9525.76 2641 69.21
Law of Obligations and Contracts 69.82 74.32 78.17 76.17 59.46 16.62 35.33
The Judicial System of the Kingdom 38.92 43.37 49.47 47.30 26.14 32.22 61.12
The Justice Sector 44.66 56.20 67.20 60.67 33.33 31.06 55.47
The Moroccan Constitution 65.10 69.44 75.25 73.22 55.07 1694 41.67

Table 5: The results of different models on MizanQA, stratified by Moroccan law categories. This excludes questions
from the "Exam" category, which mixes categories. The exam category was excluded to study the effects of different

categories in isolation.
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Figure 10: Performance vs. option count for Gemini-2.0-Flash on MizanQA.
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Figure 11: Performance vs. option count for Gemini-1.5-Flash on MizanQA.
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Figure 12: Performance vs. option count for Llama-3.3 (70b) on MizanQA.
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Abstract

Real-time multimodal auto-completion is es-
sential for digital assistants, chatbots, design
tools, and healthcare consultations, where user
inputs rely on shared visual context. We intro-
duce Multimodal Auto-Completion (MAC),
a task that predicts upcoming characters in
live chats using partially typed text and vi-
sual cues. Unlike traditional text-only auto-
completion (TAC), MAC grounds predictions
in multimodal context to better capture user in-
tent. To enable this task, we adapt MMDialog
and ImageChat to create benchmark datasets.
We evaluate leading vision-language models
(VLMs) against strong textual baselines, high-
lighting trade-offs in accuracy and efficiency.
We present Router-Suggest, a router frame-
work that dynamically selects between textual
models and VLMs based on dialog context,
along with a lightweight variant for resource-
constrained environments.  Router-Suggest
achieves a 2.3 to 10x speedup over the best-
performing VLM. A user study shows that
VLMs significantly excel over textual models
on user satisfaction, notably saving user typing
effort and improving the quality of comple-
tions in multi-turn conversations. These find-
ings underscore the need for multimodal con-
text in auto-completions, leading to smarter,
user-aware assistants. We make our code and
benchmarks publicly available'.

1 Introduction

As conversations become increasingly multi-
modal, the ability to predict what users will type
next, while understanding both text and visuals,
can transform digital assistants from reactive tools
into truly intuitive partners. Conversational sys-
tems are increasingly used in both consumer and
enterprise contexts through digital assistants, ser-
vice bots, Al tools, and productivity copilots,

"https://github.com/devichand579/MAC

You

. The park looks beautiful this time of day ! E
ara

Absolutely! The goldenlight makes everything feel
warm and calm.

That’s why I love bringingmy dog out forwalks here !

That’s why | love bringing my children for playing here!

Figure 1: Example of multimodal auto-completion.
Given the image context (a man walking a golden
retriever in a sunlit park) and the partial user input
“That’s why I love bringing my ”, the MAC model pre-
dicts “dog out for walks here!”, while a text-based TAC
model incorrectly predicts “children for playing here!”.
The MAC model prediction leverages both the textual
prefix and visual context for a grounded completion.

where efficient and contextually relevant interac-
tions are critical. Systems like ChatGPT (OpenAl,
2022) and Microsoft Copilot> exemplify this trend
by offering intelligent, context-aware responses.
Yet, as these systems evolve, user interactions in-
creasingly include images to clarify intent, share
visuals, or seek help, such as screenshots for tech
support, product photos in e-commerce, design
drafts in collaboration, or medical scans in tele-
health. These raise new opportunities and chal-
lenges for predictive text technologies.

To streamline such interactions, inline text auto-
completion (TAC) predicts user inputs in real-time

https://copilot.microsoft.com/
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using typed prefixes and dialog context. Unlike
traditional query auto-completion (QAC) (Bar-
Yossef and Kraus, 2011), which presents a (drop-
down) ranked list of full query suggestions, TAC
offers a single completion as part of the input
text field, thereby minimizing cognitive and in-
teraction costs. However, TAC remains underde-
veloped for conversational systems requiring real-
time predictions in multi-turn dialogs, as most
existing solutions focus on list-based QAC. For
multimodal dialogues, where intent depends on
both text and visuals, there exists no inline auto-
completion system. Hence, we introduce Mul-
timodal Auto-Completion (MAC), which extends
TAC by using both linguistic and visual contexts
to predict user input.

MAC poses distinct challenges: (i) disambigua-
tion under partial input, where similar textual
prefixes can warrant different completions condi-
tioned on the image; (ii) modality alignment, re-
quiring the model to ground predictions in visu-
ally salient cues; and (iii) latency-efficiency trade-
offs, since vision-language inference can be sub-
stantially slower than text-only models in interac-
tive systems.

For instance (see Figure 1, with an image of a
man and a ‘golden retriever’ in a park, if a user
types “That’s why I love bringing my ~” a TAC
model might suggest “children here” or “wife
here” ignoring the visual cue. Conversely, MAC
uses the image to complete the input as “dog
here” illustrating the effectiveness of multimodal
grounding.

Our key contributions are as follows:

* Task Definition and Benchmarking: We de-
fine MAC as predicting inline user input from
partially typed text and multimodal dialog his-
tory. To support systematic evaluation, we con-
struct standardized benchmarks by adapting two
widely used multimodal dialog datasets: MM-
Dialog (Feng et al., 2023) and ImageChat (Shus-
ter et al., 2020), with rigorous filtering to ensure
strong visual relevance.

* Model Benchmarking: We conduct a compre-
hensive evaluation of recent vision-language
models (VLMs) like MiniCPM-V (Yao et al.,
2024), PaliGemma (Beyer et al., 2024),
Qwen2-VL (Yang et al., 2024) alongside tex-
tual baselines like Most Popular Completion
(MPC) (Bar-Yossef and Kraus, 2011) and Query
Blazer (QB) (Kang et al., 2021) on the MAC

task, highlighting key trade-offs in multimodal
understanding and completion quality.

* Router-Suggest: We present a dynamic rout-
ing framework that decides, at each character,
whether to use a lightweight textual model or
one of the more expressive VLMs, based on the
visual significance of the dialog context.

» User Study: We perform a user study to eval-
uate the MAC’s practical effectiveness by quan-
tifying Typing Effort Saved (TES) and user sat-
isfaction. Results demonstrate substantial gains
over text-only methods. We release our code and
benchmarks'.

2 Related work

Query Auto-Completion (QAC): QAC has long
been a core component of search systems, im-
proving efficiency and reducing query formula-
tion effort (Bast and Weber, 2006). Traditional
approaches exploit signals such as popularity-
based rankings (Whiting et al., 2013), spatial and
temporal patterns (Backstrom et al., 2008), and
session-level co-occurrence statistics (Bar-Yossef
and Kraus, 2011). Implementations range from
classical machine learning (Di Santo et al., 2015;
Sordoni et al., 2015) to modern neural archi-
tectures, including LSTMs (Wang et al., 2020)
and transformer-based models like BERT and
BART (Mustar et al., 2020).
Text-only Auto-Completion (TAC): TAC, or in-
line auto-completion, also called ghosting (Ra-
machandran and Murthy, 2019), offers a sin-
gle continuation within the input field, unlike
QAC’s ranked suggestions. This design suits
conversational contexts where dropdowns disrupt
flow. Early neural methods used subword lan-
guage models (Kim, 2019) for token-level effi-
ciency, while transformer models such as GPT-2
have been fine-tuned for next-phrase prediction in
structured domains (Lee et al., 2021). More re-
cently, reinforcement learning approaches (Chitnis
etal., 2024; Li et al., 2024) have emerged for TAC.
Additional literature is provided in Appendix A.
Research on dialog systems largely focuses on
next-utterance prediction, whereas inline auto-
completion, i.e., predicting user input mid-turn,
remains underexplored. This challenge intensi-
fies in multimodal contexts where images influ-
ence intent. Existing models prioritize full-turn
responses, neglecting real-time mid-turn predic-
tions. We introduce MAC to bridge this gap, gen-
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erating grounded continuations of partial inputs
using dialog history and visual context, linking
full-turn response generation with real-time typing
assistance in vision-language interfaces.

3 Methods for MAC
3.1 The MAC Task Definition

The MAC task aims to generate a contextually ap-
propriate continuation of a user’s partially typed
input by leveraging both textual and visual dialog
history. The model input comprises: (1) a textual
prefix p € V=T, representing the user’s partially
typed message, where V is the vocabulary and 7 is
the maximum prefix length; and (2) a multimodal
dialog history of k£ previous utterances, Hmm =
{(u1,m1), (ug, ma), ..., (ug, mg)}, where u; €
Vi is a prior utterance of length [; < T and
m; € M is an optional associated modality such
as an image.

The model outputs a textual continuation ¢ such
that the concatenated sequence [p; ¢| forms a flu-
ent and contextually coherent message with re-
spect to the multimodal dialog context Hy,. We
learn model parameters ¢ that maximize the con-
ditional likelihood of c given the prefix and multi-
modal context:

0" = argmax P(c | p, Hm; 0)

At inference, given a new prefix p and context
Hmm, the model generates a prediction ¢ via:

¢ = argmax P(c| p, Hmm; 0")
C

This formulation enables real-time auto-
completion during multimodal interactions,
improving typing efficiency and coherence in
visually grounded conversations.

3.2 Benchmark Construction for MAC
Evaluation

Progress on multimodal auto-completion has been
limited by the absence of standardized bench-
marks. Existing multimodal dialog datasets rarely
emphasize visual context as a key driver of user in-
tent. To address this, we adapt two prominent mul-
timodal dialog datasets: MMDialog (Feng et al.,
2023) and ImageChat (Shuster et al., 2020) for the
MAC task.

We utilize GPT-4V (OpenAl, 2023) to filter
datasets, selecting dialogs where images are es-
sential for predicting the user’s next input, en-

Dataset Split  #Dialogs  Avg Uttr Len  Avg # Uttr
Train 13,182 51.81 11.97

MMDD Tost % 30.96 12.80
ImaseChar _Train 186,724 4932 .01
& Test 9,994 7944 3.00

Table 1: MAC Benchmark Dataset statistics after pre-
processing. Length is measured in characters.

suring visual grounding. We focus on single-
image conversations to allow accurate visual rel-
evance assessment without hallucinations. MM-
Dialog (MMDD) (Feng et al., 2023) includes
domain-specific conversations enhanced with vi-
suals like movie posters and scene stills; we select
cases where images significantly influence dialog
flow. ImageChat (Shuster et al., 2020) offers open-
domain conversations linked to images.

Following the filtering and formatting steps, the
curated versions of MMDialog and ImageChat
form robust MAC benchmarks. Table 1 sum-
marizes the key statistics: MMDialog features
longer dialogs with more utterances per conver-
sation, while ImageChat contains shorter, image-
grounded exchanges. Additional details appear in
Appendix B.

3.3 Models for the MAC Task

We benchmark both textual models and VLMs,
ranging from traditional retrieval-based ap-
proaches to modern VLMs, for the MAC task.
Appendix C.1 lists additional information about
these models.

Textual Models: These include trie-based
methods such as Most Popular Comple-
tion (MPC) (Bar-Yossef and Kraus, 2011),
MPC++ (Bar-Yossef and Kraus, 2011) and
n-gram based model QueryBlazer (QB) (Kang
et al., 2021).

Vision Language Models (VLMs): These in-
clude MiniCPM-V (Yao et al., 2024), PaliGemma
(3B) (Beyer et al., 2024) and Qwen2-VL (Wang
et al., 2024).

3.4 The Proposed Router-Suggest
Framework

Textual models and VLMs vary significantly in
terms of their latency and accuracy. To bal-
ance these trade-offs, we present Router-Suggest,
which adaptively selects the optimal model per
prefix. we frame routing as a classification prob-
lem, where a lightweight neural router predicts the
best model based on input complexity. The av-
erage system latency with a router configuration
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Aunt: Let's change the scenery.

gerous. Let's go

gerous. i'm afraid.

Uncle: It reminds me of my old
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scene, may | ask?
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Selected traini
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Figure 2: During router training, VLMs receive the entire input context, while the textual QB model only uses the
prefix. We calculate partial-F1 scores of predictions to determine the gold label. Further, we generate a feature
vector for the input prefix of the training sample using EmbeddingGemma-300m for training the neural classifier.

with n MAC models can be computed as:

n
Ltotal = LRouter + Zpi : Lz
=1

where, p; is the probability of triggering the i-
th MAC model. We employ a lightweight neural
classifier as a router to minimize the router’s la-
tency overhead, i.e., Lrouter =~ 0. For router train-
ing (See Fig. 2), for each training (prefix, com-
pletion) sample, we use 768D EmbeddingGemma-
300m (Vera et al., 2025) representations of input
prefixes as features. To train the router, we ob-
tain the ground truth optimal model for each sam-
ple as follows. First, we generate completions for
an input prefix using all the models. The model
with the highest partial-F1 score against the true
completion is selected as the ground truth optimal
model.

To incorporate latency-awareness, we perform
cost-sensitive training of the router. For C' can-
didate models (and hence number of classes for
router) and a batch of N samples, let p* denote
the predicted probability for model m € [1, ¢] and
sample s € [1, N], and ¢™ its cost proportional
to its average latency. Let y, denote the true class
label for sample s. Then we compute the cross
entropy loss for the batch as:

1 N
Lo =~ z;logp;
1=

For each sample s, the expected cost is the
probability-weighted average of per-class costs:

C
By foost = 3 4™
m=1

Averaged across the batch:

L NC
£C0st - N Z Z pgncm
s=1m=1
The overall loss £ combines accuracy and cost-
awareness in a single objective. Lcg encourages
correct classification, while Loy penalizes pre-
dictions with higher expected costs.

L= (1 — )\) LcE + A Lcost

The trade-off parameter A enables a controlled
compromise between accuracy and cost efficiency.
The routing framework is model-agnostic, inte-
grating the text-based TAC and MAC models
with different latency-accuracy trade-offs. This
ensures efficient, real-time deployment of multi-
modal completion systems with high completion
quality. At test time, we select the model having
the highest probability predicted by the router.

4 Experiments and Results

4.1 Evaluation Metrics

Standard NLG metrics like BLEU (Papineni
et al., 2002), ROUGE (Lin, 2004), and ME-
TEOR (Banerjee and Lavie, 2005) are unsuitable
for MAC tasks, which require inline continuation
of user input. These metrics focus on sequence
overlap, but MAC needs accuracy in continuing
user input to avoid cognitive load and ensure ac-
ceptance. Traditional QAC metrics such as top-
k accuracy or Mean Reciprocal Rank (MRR) as-
sume a ranked list of suggestions, which is in-
compatible with the single, inline nature of MAC.
These approaches also fail to account for the real-
time aspect of interaction, when and how often
suggestions are triggered.
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Type [Model [ TR SM  PR-P PR-R PR-FI1 [Predl TES
MMDD
MPC 0.1991 0.0000 0.0782 0.0676 0.0725 40.6 0.0015
Textual MPC++ 0.5651 0.0332 0.1831 0.1303 0.1525 29.4 0.0430
QB 0.9220 0.0426 0.3498 0.1287 0.1892 89 0.1724
MiniCPM-V | 0.9898 0.1182 0.3362 0.2423 0.2800 21.1 0.2136
VLMs |PaliGemma |0.9880 0.0972 0.2896 0.2145 0.2470 20.3 0.2030
Qwen2-VL |0.9891 0.1034 0.2950 0.2223 0.2532 18.8 0.1844
ImageChat
MPC 0.2749 0.0007 0.1120 0.0685 0.0845 27.7 0.0030
Textual MPC++ 0.6728 0.0341 0.2080 0.1202 0.1523 17.3 0.0371
QB 0.9604 0.0373 0.3065 0.1225 0.1755 5.9 0.0955
MiniCPM-V | 0.9892 0.0715 0.3128 0.2205 0.2586 16.1 0.1246
VLMs |PaliGemma |0.9881 0.0616 0.2850 0.1996 0.2348 16.7 0.1148
Qwen2-VL |0.9889 0.0577 0.2931 0.1971 0.2356 16.2 0.1422

Table 2: Performance metrics on unseen prefixes of
the MMDD (top) and ImageChat (bottom), organized
by type (Textual vs. VLMs). [Predl=Avg Pred Len.
TES is calculated relative to ground truth completions.

To address these limitations, we utilize a set of
MAC-specific metrics from (Mishra et al., 2025),
including Trigger Rate (TR), Syntactic Match
(SM), Partial Recall (PR-R), Partial Precision (PR-
P), Partial F1 (PR-F1), and Typing Effort Saved
(TES). These metrics provide a precise assessment
of the usability, accuracy, and efficiency of real-
time multimodal chat system completions.

Let s; be the model’s suggestion for instance 1,
g; be the ground truth continuation for instance
and N denote the number of utterances in the eval-
uation dataset.

* Syntactic Match (SM): SM measures the per-
centage of model-generated completions that
exactly match the ground truth continuation. A
completion is considered a syntactic match if it
is identical to the reference output when sugges-
tions are shown.

LN
SM = NZ;H(&' = 9i)

where I(-) is the indicator function that returns
1 if the condition is true, and O otherwise.

* Partial Recall (PR-R): PR-R quantifies the av-
erage percentage of ground truth characters that
overlap with the predicted completion, starting
from the beginning. It reflects how much of the
true continuation the model successfully recov-
ered as a prefix.

N
1 len(prefix_match(s;, g;))
Recall, = —
ecally, N ; len(gi)

where prefix_match(s;, g;) returns the longest
common prefix between s; and g;.

 Partial Precision (PR-P): PR-P quantifies the
average percentage of predicted characters that
overlap with the ground truth continuation, start-
ing from the beginning. It reflects how much of
the predicted completion is actually correct as a
prefix.

1 N

Precision,, = I E
i=1

len(prefix_match(s;, g;))

len(s;)

* Trigger Rate (TR): TR measures how fre-
quently a suggestion is shown to the user, based
on a predefined confidence threshold. It is cal-
culated as the ratio of the number of times a
suggestion was triggered to the total number of
characters typed by the user.

N suggestions triggered;

1
R= N 4 # total characters typed;
» Typing Effort Saved (TES): TES measures the
proportion of ground truth characters saved, i.e.,
the overlap between prediction and target con-
tinuation. TES can be interpreted as a nor-
malized keystroke saving rate across the entire
dataset.

1 Y # characters actually typed,

TES = N ;(1_ total utterance length, )
These metrics assess several aspects of the MAC
task: accuracy (assessed through PR-P, PR-R
and the partial-F1, which represents the harmonic
mean of PR-P and PR-R), usability (via TES and
TR), and syntactic fluency (via SM). Collectively,
they enable a more comprehensive understanding
of model behavior than traditional metrics and are
essential for benchmarking MAC systems.

4.2 Finetuning Setup

We perform two pre-processing steps (unrolling
and splitting) on the dialog datasets to format them
into the standard structure desired: context + im-
age + prefix + completion. In the unrolling step,
the dialog is progressively built by appending each
utterance one at a time, resulting in an increasingly
rich context. In the splitting step, the entire con-
versation is preserved up to the penultimate utter-
ance. The last utterance is then randomly divided
into two segments: the first serves as the prefix,
and the second becomes the target completion to
be predicted.
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We trained our text models using default set-
tings, closely following QB (Kang et al., 2021),
which includes a 4,096-token vocabulary that cov-
ers 99.95% of characters. Subsequently, an 8-
gram language model was constructed with prun-
ing. Models utilizing both MPC (Bar-Yossef and
Kraus, 2011) and MPC++ (Bar-Yossef and Kraus,
2011) were implemented with their standard con-
figurations. For the VLM-based models, we con-
ducted training over 5 epochs, using a batch size
of 8 per device and a learning rate of 0.0001. This
process employed mixed-precision (FP16) train-
ing. LoRA adapters, with a rank of 8, were in-
corporated into all linear layers and subjected to a
0.05 dropout rate. Throughout this, we maintained
the base model in a frozen state, updating only the
LoRA parameters.

4.3 Performance on MAC Benchmarks

Table 2 reveals a clear performance gap be-
tween text models and VLMs on unseen prefixes
across both MMDD and ImageChat datasets. Text
models collapse in MMDD, with MPC showing
nearly zero Syntactic Match (SM = 0) and
TES (0.0015), indicating severe overfitting. Even
the enhanced MPC++ offers limited gains, while
QB generalizes modestly but still deteriorates in
multimodal contexts. In contrast, VLMs maintain
consistently high Trigger Rates (TR ~ 0.99) and
stable PR metrics, leveraging multimodal ground-
ing for robust contextual completions. MiniCPM-
V achieves the best overall T'E'S (0.2136) and bal-
anced PR scores while generating shorter, more
efficient completions (=~ 18-22 characters) com-
pared to verbose outputs from text models (e.g.,
MPC |Pred| = 40.6).

On ImageChat, the gap narrows as text models
degrade less sharply, but VLMs still outperform,
sustaining higher TES and smoother precision—
recall trade-offs. Overall, VLMs demonstrate su-
perior generalization and adaptability in unseen
multimodal scenarios. Please see Appendix C.2
for results on seen prefixes on both benchmarks.

4.4 Evaluation of Router-Suggest

Table 3 presents the latency-performance tradeoff
of individual models alongside Router-Suggest.
The absolute latencies for all VLMs are de-
termined through inference using vLLM (Kwon
et al., 2023) as the inference engine, applied to a
representative dataset consisting of prefixes from
both MMDD and ImageChat. We conducted a

joint hyperparameter and architectural search for
router configurations across various A (See Fig. 3)
to optimize performance and latencies, as detailed
in Appendix C.3.

Router-Suggest with 4 models (QB, Qwen2-
VL, PaliGemma and MiniCPM-V) needs ~25GB
memory on an Nvidia L40 GPU for inference.
For constrained environments, we also experi-
ment with a router configuration with just 2 mod-
els (QB, Qwen2-VL), requiring only 4GB GPU
memory. We refer to router configurations as
Router-4 and Router-2, respectively. Further, af-
ter joint hyperparameter and architecture search,
we choose 2 configurations: L and P. Router-LL
corresponds to the hyperparameter configuration
that leads to minimum latency with performance
(PR-F1) close to the best model. Router-P cor-
responds to the hyperparameter configuration that
leads to maximum performance (PR-F1). We also
compute the oracle performance of the Router-4
configuration, where the best perfroming model is
always chosen for every prefix.

Router-4-L achieves near-competitive perfor-
mance of the best-performing individual model
with minimal latency, while Router-4-P offers the
highest PR-F1 score. Thus, Router-Suggest mod-
els improve PR-F1 and syntactic match, reduc-
ing latency compared to high-capacity models,
showcasing lightweight routing’s efficiency. On
MMDD, Router-4-L matched MiniCPM-V’s PR-
F1 score at 5x faster response time. Router-4-P
achieved a PR-F1 of 0.281, close to the 0.356 up-
per bound at one-third the latency of MiniCPM-V.
On ImageChat, routing maintains accuracy with
minimal time overhead, highlighting scalability
and practical benefits.

Router-2-L achieves near-optimal PR-F1 com-
pared to Qwen2-VL (0.248 on MMDD, 0.192
on ImageChat) with substantially reduced latency

Model MMDD ImageChat
PR-F1 SM Time (s)] PR-FI SM Time (s)]
Individual Models
MiniCPM-V 0.247 0.116 2.080  0.223 0.067 2.080
PaliGemma 0.216 0.097 1490  0.199 0.057 1.490

QB 0.209 0.102 0.001  0.135 0.036  0.001

Qwen2-VL 0.222 0.101  0.733  0.197 0.053 0.733
Router-Suggest

Router-4-L 0.240 0.110 0351  0.212 0.056 0.966

Router-4-P 0.281 0.135 0.832 0212 0.056 0.966

Router-2-L 0.240 0.109 0.170  0.196 0.053  0.288

Router-2-P 0.261 0.122  0.271 0.196 0.053  0.288

Router-4-Max (Oracle) 0.356 0.195 0.281 0.090

Table 3: Performance and latency comparison of in-
dividual models and Router-Suggest configurations
across MMDD and ImageChat.
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Figure 3: Different router configurations for Router-4 at different A and their latency vs PR-F1 score tradeoff for

(a) MMDD and (b) ImageChat.

TES and rating comparison across models

TES
QB MPC

mmm Rating (normalized)
Figure 4: Comparison of mean TES and user ratings

(normalized) for various models. TES is calculated rel-

MiniCPM-V/ Router-2-L.
ative to the final text approved by the user at the mo-
ment the rating is submitted.

compared to Qwen2-VL and a speedup 10x com-
pared to the best-performing model (MiniCPM-
V), demonstrating effective lightweight routing.

5 User Study

We developed a platform where anonymous users
can participate in completing conversations ini-
tialized from randomly selected samples of the
MMDD and ImageChat datasets. During inter-
actions, users engage with a randomly selected
model (QB, MPC, or MiniCPM-V) without know-
ing the specific model, thus minimizing bias.
Users assess the system’s completion on a scale
from 0 to 9, where 9 represents the most satisfac-
tory and well-aligned completion and O indicates a
completely unaligned, poor, or absent completion.
TES calculation is based on the final user query at
the moment the rating is submitted. Our study en-
compasses 190 sessions, distributed as follows: 53
with MPC, 47 with QB, 45 with MiniCPM-V and
45 with Router-2-L.

Figure 4 illustrates a strong positive relation-
ship between TES and user ratings across models.
The visual trend confirms that as TES increases,
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user ratings also rise. These TES scores are sig-
nificantly higher than the offline TES scores (Ta-
ble 2). This is expected because, in interactive set-
tings, users often adapt their typed continuations
based on the system’s suggestions. As a result, the
‘ground truth’ becomes partially influenced by the
model itself, naturally inflating agreement met-
rics such as TES. MiniCPM-V consistently out-
performs the text models, achieving the highest
TES and an unnormalized user rating and router-2-
L also achieved similar scores. This demonstrates
that VLMs not only achieve higher TES but also
deliver a more stable and satisfying user experi-
ence than the textual counterparts.

6 Conclusion

We propose Multimodal Auto Completion
(MAC), a novel task for predicting user input
in visually grounded conversations, along with
standardized benchmarks from MMDialog and
ImageChat and an evaluation protocol designed
for inline auto-completion. Experiments reveal
textual models excel with known prefixes but
struggle with new ones, whereas VLMs maintain
high trigger rates and better TES and robustness
in new conditions. Router-Suggest selectively
engages VLMs, providing competitive partial-F1
as the best models with 2.3-10x speedup. We also
provide a low-resource setup for Router-Suggest.
A user study confirms TES as a reliable user
satisfaction measure, aligning with subjective
ratings and shows that VLM completions better
meet user expectations compared to outputs from
textual models. Overall, the results show that
visually grounded completions can greatly reduce
typing effort and improve perceived usefulness in
interactive settings.



7 Limitations

The MAC benchmarks, adapted from MMDialog
and ImageChat using GPT-4V filtering, may intro-
duce selection bias toward visually explicit cases
and lack linguistic diversity. Current datasets
only cover single-image contexts, limiting gener-
alization to real-world multimodal settings with
evolving or multiple visuals. Router-Suggest,
though effective in reducing latency, relies on
embedding-based heuristics that may degrade un-
der domain shift and lacks interpretability in its
routing choices.

8 Ethical Considerations

The MAC benchmark is built using automated rel-
evance filtering (GPT-4V) and curated public cor-
pora, which may introduce noisy labels, annota-
tion biases, privacy concerns, and hallucination
risks. The user study relies primarily on TES and a
small user pool, which may overlook key factors:
TES can fail to capture subtle misinformation, cul-
tural or demographic mismatches, and sampling
choices can introduce biases that limit generaliz-
ability. Additionally, the router’s invocation pat-
terns raise fairness and cost-allocation concerns,
as it may disproportionately route certain input
types or user groups to more compute-intensive
MAC models, leading to unequal latency, compu-
tational cost, or quality of experience.
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A Additional Related Work

Recent work in multimodal dialog systems has fo-
cused on generating context-aware responses by
integrating both visual and textual dialog history
inputs. Sun et al. (2022) proposed DIVTER, a dual-
channel model that enables text or image response
generation under low-resource conditions by de-
coupling textual and visual training. Kong et al.
(2024) introduced TIGER, a unified transformer-
based framework capable of producing text, im-
age, or mixed-modal responses by dynamically se-
lecting the output modality. Yoon et al. (2024) pre-
sented BI-MDRG, which incorporates visual his-
tory across dialog turns to maintain object consis-
tency and support grounded response generation.
Earlier approaches, such as MAGIC and MATE,
applied transformer-based cross-modal attention
mechanisms (Liu et al., 2022) to generate visually
coherent textual responses, highlighting the role of
structural alignment between modalities.

B Benchmark Construction

B.1 Relevance filtering using GPT-4V

To ensure that images meaningfully contribute to
the dialog, we employ GPT-4V (OpenAl, 2023) as
an automatic discriminator to assess the relevance
of each image-dialog pair, using the prompt tem-
plate illustrated in Figure 5. Each sample is rated
on a standardized 5-point scale: 1 = Contradictory,
2 = Ignored, 3 = Marginally relevant, 4 = Clearly
useful, § = Critical for understanding.

Only samples receiving a relevance score of 4
or 5 are retained in the final benchmark to en-
sure strong visual grounding and eliminate noisy
or irrelevant pairs. Figure 6 illustrates examples
identified as highly image-relevant by GPT-4V,
highlighting the kinds of interactions that demand
grounded multimodal understanding, central to the
challenge of MAC. Following the filtration pro-
cess, over 66% of the samples were removed from
the datasets.

Prompt Template

You are a discriminator model who will decide if the following hold:
1. The dialog is relevant to the image.

2. The image fits the context and is accounted for in the following
utterances.

3. The image and the dialog are coherent.
4. The image can be used for autocompletion of following utterances.

5. The image should not be the last utterance because it is of no use
then.

The user will provide the dialog starting from when the image was
shared and including up to 3 sub t utterances. Carefully assess
how much the image contributes to the conversation. Think through
the following questions step by step before assigning a score:
Step-by-step Analysis:

1. Provide a caption for the image (regardless of the conversation).

2. Is the image misleading? Does it contradict or confuse the dialog?
If yes, rate it lower.

3. Is the image completely ignored? Do the following messages con-
tinue without acknowledging it at all?
If yes, rate it low.

4. Does the image add some relevance? Do the next messages men-
tion something loosely connected to it, even if the dialog still makes
sense without it?

If yes, give a mid-range score.

5. Is the image clearly useful? Do the messages directly reference the
image, making the conversation easier to understand?
If yes, score it higher.

6. Is the image essential? Would the dialog be incomplete, confusing,
or meaningless without it?

If yes, give the highest score.

Your Task: Provide your response in valid JSON format:

r \
<results>
{
"caption": "<caption>",
"answer": <score between 1-5>,
"explanation": "<Step-by-step reasoning
for the score>"
}
</results>
. 7

Scoring Scale:
¢ 1 — The image contradicts or misleads the dialog.
e 2 — The image is ignored and not acknowledged at all.

¢ 3 — The image is loosely relevant, but the dialog makes sense
without it.

* 4 — The image adds context and is referenced, but isn’t crucial.

¢ 5 — The image is critical, and the dialog wouldn’t make sense
without it.

Important: Justify your score with logical reasoning before assigning it.

Figure 5: Prompt template for relevance filtering using
GPT-4V.
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MMDialog Dataset

Alex: hey there buddy boy boyo

Sara: hello , you have any hobbies ?

Alex:: i can listen to britney spears all day

Sara: awesome i like listening to it while i play tennis .

Alex:: i love to spend money that i did not earn

Sara: oh, i see that a lot in my insurance office .

Alex:: what do you do for a living ?

Sara: since i was fired i found a job in insurance .

Alex:: what is the pay like ?

Sara: it is ok , but my dad made a ton before he passed away .
Alex:: i am sorry . at least he is in a better place now .

Sara: it is ok , i was pretty young when it happened .

Alex:: do you like to tan ?

Sara: = 3

Alex: | am too lazy to play sports.

ImageChat Dataset

Aunt: Let's change the scenery.

Uncle: It reminds me of my old home. What is wrong with the
scene, may | ask?
Aunt: It's dangerous. We could fall off.

Figure 6: Two illustrative examples of MAC from the
MMDialog and ImageChat datasets, where the image
context significantly influences the prediction. Blue in-
dicates the input prefix provided to the MAC model,
while Green highlights the text characters that the
model is expected to predict.

B.2 Formatting interleaved inputs

For models that do not natively support interleaved
image-text inputs, we restructure the input to ex-
plicitly encode the position of visual content. Im-
age embeddings are prepended to the input se-
quence, and a special token such as <IMAGE>
is inserted at the corresponding turn in the dialog
where the image appeared. This approach enables
the model to attend to both the image features
and their temporal alignment within the dialog.
For example, a turn originally written as: “User:
That looks amazing!” would be transformed into
“User: <IMAGE> That looks amazing!”

C Additional Details for Experiments

C.1 Baseline Models

Textual Models: These models operate solely
on textual input, without access to any visual
modality. Trie-based methods such as Most Pop-

ular Completion (MPC) (Bar-Yossef and Kraus,
2011) construct a character-level trie from histor-
ical user utterances to suggest completions based
on frequency, while its extension MPC++ (Bar-
Yossef and Kraus, 2011) uses a suffix trie to of-
fer better coverage for previously unseen pre-
fixes. N-gram-based methods like QueryBlazer
(OB) (Kang et al., 2021) rely on subword tok-
enization and n-gram language modeling to re-
trieve completions from historical logs and syn-
thesize novel predictions.

Vision Language Models: Recent advances
in VLMs enable the processing of both tex-
tual and visual modalities. The models we ex-
plored include MiniCPM-V (Yao et al., 2024),
a powerful 8B parameter VLM that integrates a
SigLIP (Zhai et al., 2023) vision encoder with
a Qwen2.5-7B language decoder. PaliGemma
(3B) (Beyer et al., 2024) also employs a SigL.IP
vision encoder, coupled with the Gemma 2 (Team
et al., 2024) language model for text genera-
tion. Lastly, Qwen2-VL (Wang et al., 2024) is a
vision-language instruction-tuned variant from the
Qwen? series (Yang et al., 2024), combining a Vi-
sion Transformer (ViT) (Dosovitskiy et al., 2020)
encoder with the Qwen2 decoder to enable fine-
grained, instruction-following capabilities across
vision and text modalities.

C.2 Performance of MAC Benchmarks on
Seen prefixes

On seen prefixes (See Table 4), textual models
achieve their strongest performance, with MPC
and MPC++ reaching very high syntactic and
semantic alignment on MMDD (SM = 0.79,
F1 = 0.81, TES = 0.72), indicating strong
memorization and a close fit to training distri-
butions. VLMs, while showing lower syntactic
precision (F1 ~ 0.27-0.30), maintain consistent
trigger rates (TR ~ 0.99) and balanced com-
pletion lengths, reflecting stable yet less overfit-
ted behavior. In ImageChat, both model families
perform comparably, with VLMs (MiniCPM-V,
PaliGemma) matching or slightly surpassing tex-
tual models in Partial-F1 (= 0.48). Overall, tex-
tual models dominate on seen data through memo-
rization, whereas VLMs achieve similar precision
with greater contextual grounding.

C.3 Additional Details of Router-Suggest

We performed joint hyperparameter and architec-
ture search using random sampling over a struc-
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Method[Model [ TR  Syntactic Match PR-Precision PR-Recall Partial-F1 Avg Pred Len TES

MMDD
MPC 0.9679 0.7902 0.8066 0.8060 0.8063 27.5 0.7153
Text MPC++ 0.9679 0.7902 0.8066 0.8060 0.8063 27.5 0.7153
QB 0.9474 0.2355 0.5508 0.3213 0.4064 12.1 0.3725
MiniCPM-V | 0.9898 0.1349 0.3505 0.2632 0.3007 223 0.2352
VLMs |PaliGemma |0.9880 0.1179 0.3138 0.2381 0.2707 20.0 0.2357
Qwen2-VL |0.9902 0.1112 0.3016 0.2279 0.2596 19.9 0.2097
ImageChat
MPC 0.9497 0.2892 0.4559 0.4723 0.4639 13.7 0.2688
Text MPC++ 0.9497 0.2892 0.4559 0.4723 0.4639 13.7 0.2688
QB 0.9741 0.2094 0.5053 0.4404 0.4708 8.2 0.2444
MiniCPM-V | 0.9958 0.2100 0.4611 0.5010 0.4802 14.4 0.2552
VLMs |PaliGemma |0.9875 0.2020 0.4694 0.4924 0.4806 14.7 0.3021
Qwen2-VL |0.9945 0.1699 0.4323 0.4617 0.4465 14.7 0.2464

Table 4: Performance metrics on seen prefixes of the MMDD (top) and ImageChat (bottom) test sets, organized
by model type (Text vs. VLMs).

tured search space, combining both network topol-
ogy and training parameters. Each configuration
was trained using a fixed batch size of 256 and
dropout rate of 0.2. For every trade-off parame-
ter A € {0.0,0.25,0.5,0.75, 1.0}, we executed 50
random trials, totaling 250 experiments for each
dataset.

Parameter Search Space
[128], [256],

Hidden dimensions ~ [128, 64], [256, 128], [512, 256], [64, 32],
[256, 128, 64], [512, 256, 128]

Epochs {50, 100}

Learning rate {1674, 5e4, 1673}

A {0.0,0.25, 0.5, 0.75, 1.0}
Batch size 256 (fixed)

Dropout 0.2 (fixed)

Table 5: Search space for architecture and hyperparam-
eter tuning. Each A setting was tuned independently
using random search.

The scoring function balanced accuracy and la-
tency using a weighted objective:

Score = (1 — \) x Accuracy + A x Cost,

where cost values were normalized by the max-
imum observed latency (max cost = 2.0891 for
MiniCPM-V). This formulation ensured fair com-
parison across trade-off settings, allowing selec-
tion of the highest-scoring model overall.
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Abstract

Lightweight, real-time text-to-speech systems
are crucial for accessibility. However, the
most efficient TTS models often rely on
lightweight phonemizers that struggle with
context-dependent challenges. In contrast,
more advanced phonemizers with a deeper lin-
guistic understanding typically incur high com-
putational costs, which prevents real-time per-
formance.

This paper examines the trade-off between
phonemization quality and inference speed in
G2P-aided TTS systems, introducing a practi-
cal framework to bridge this gap. We propose
lightweight strategies for context-aware phone-
mization and a service-oriented TTS architec-
ture that executes these modules as independent
services. This design decouples heavy context-
aware components from the core TTS engine,
effectively breaking the latency barrier and en-
abling real-time use of high-quality phonem-
ization models. Experimental results confirm
that the proposed system improves pronuncia-
tion soundness and linguistic accuracy while
maintaining real-time responsiveness, making
it well-suited for offline and end-device TTS
applications.

1 Introduction

Text-to-speech (TTS) conversion is a long-
established and well-developed task, with a wide
range of approaches and architectures proposed
over the years. The choice or design of a particular
TTS method today depends largely on the specific
needs and requirements of the application.

One essential use case for TTS is in screen read-
ers, where the system must operate in real-time,
offline, on low-end hardware devices. Users in
this setting are exposed to the synthesized voice
for long periods every day, so the output must not
sound robotic or unpleasant. This scenario imposes
three main requirements on the TTS engine: 1)

Lightweightness, 2) Real-time performance, and 3)
Naturalness.

Unfortunately, there is a clear trade-off among
these requirements. Larger and more complex neu-
ral models often produce highly natural, human-
like speech but require significantly more compu-
tational resources and introduce higher inference
latency. Conversely, smaller neural models, or tra-
ditional rule-based, non-neural systems, are much
faster and lighter but lack the capacity to model
smooth, natural-sounding human speech.

Simply reducing model size to meet speed and
lightweight requirements often degrades speech
naturalness. Many recent systems, however,
maintain acceptable naturalness by decoupling
grapheme-to-phoneme (G2P) conversion from
phoneme-to-speech (P2S) synthesis (OHF-Voice,
2025; Mehta et al., 2024; Li et al., 2025). Instead
of learning an end-to-end text-to-speech mapping,
these systems first convert text to phonemes using
a lightweight G2P module, then generate speech
from the phoneme sequence with a neural synthe-
sizer. This allows the neural component to focus on
a narrower task, enabling smaller models and faster
inference while preserving reasonable quality.

However, this decoupling makes the overall nat-
uralness and intelligibility of the output heavily de-
pendent on the performance of the G2P module, a
task that remains highly challenging for languages
with complex or ambiguous phonemization rules.

For example, in Persian, many cases require
context-aware phonemization. Two major chal-
lenges are:

1. Homographs, i.e., words with multiple valid
pronunciations depending on context (e.g., the
English word read, pronounced either /ri:d/
or /red/ depending on tense), and

2. The Ezafe phoneme, a connecting /e/ sound
that appears between grammatically or seman-
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Without Ezafe With Ezafe

Harif man ra zad. Harif-e man ra zad.

The rival hit me. (Someone) hit my rival.

Figure 1: An example of how the Persian Ezafe
phoneme (/e/) can change the meaning of a sentence.

tically related words, again determined by con-
text.

Figure 1 illustrates how the presence or absence
of a single Ezafe phoneme can alter the meaning of
a sentence, highlighting the importance of correctly
determining it based on context.

Highly non-phonetic and ambiguous languages
pose a challenge for lightweight, real-time TTS
systems. While embedding a strong, context-aware
G2P model could greatly improve pronunciation
soundness and correctness, such models are typi-
cally large neural networks, and integrating them
directly would compromise speed and efficiency.
Existing lightweight TTS architectures decouple
G2P from P2S, but their G2P modules remain lim-
ited for ambiguous languages. Enhancing these
modules with context-aware neural models intro-
duces the very latency and computational overhead
that lightweight TTS aims to avoid. This is the
central challenge addressed in this paper.

In this paper, we propose a method to over-
come the latency barrier for incorporating context-
aware phonemizers into real-time TTS systems.
Our approach combines two complementary strate-
gies: lightweight, statistically driven modules that
provide partial context-awareness, and a service-
oriented architecture that allows heavier neural
phonemizers to run independently, without embed-
ding them directly in the TTS runtime. The core
idea is to move beyond the traditional unified TTS
design by treating utility modules as independent
services, which the main TTS engine can query as
needed, avoiding their computational and loading
overhead.

Key contributions of this work are as follows:

1. Proposing a service-oriented approach for in-
tegrating neural components into real-time
TTS systems,

2. Presenting a service-oriented adaptation of the
well-known PiperTTS architecture,

3. Introducing a lightweight, fast, and context-
aware phonemizer tailored to Persian phone-
mization challenges, an enhanced version of
the existing eSpeak phonemizer, and

4. Providing a new Persian voice for Piper,
trained on the largest publicly available Per-
sian TTS dataset to date.

2 Related Works

2.1 TTS approaches

TTS is a longstanding task that has been in ex-
istence since 1939 (Dudley et al., 1939). It be-
gan with rule-based methods that utilized hand-
written pronunciation and prosody rules, along
with simple formant/articulatory synthesis, to gen-
erate speech (Klatt, 1980, 1987). Then it pro-
ceeded to the next generation, utilizing concate-
native unit-selection (Sagisaka, 1988; Hunt and
Black, 1996; Black and Taylor, 1997) and later
statistical parametric systems (e.g., HMM-based
acoustic models with vocoders) (Tokuda et al.,
2000; Zen et al., 2009), which improved stabil-
ity and footprint but still had limitations in terms
of naturalness. Like many other tasks, it then
evolved into deep-learning-based methods like
sequence-to-sequence acoustic models (Tacotron-
style) (Wang et al., 2017; Shen et al., 2018) paired
with neural vocoders (WaveNet/flow/GAN) (Van
Den Oord et al., 2016; Prenger et al., 2019; Ya-
mamoto et al., 2020) and fully end-to-end mod-
els such as VITS (Kim et al., 2021) and non-
autoregressive FastSpeech-style models (Ren et al.,
2019, 2020); these can be grouped by architecture
families (autoregressive, non-autoregressive, flow-
based, diffusion-based) (Kim et al., 2020; Popov
et al., 2021; Kim et al., 2022; Mehta et al., 2024).
And most recently, it is performed by large lan-
guage models, such as commercial or research
foundation TTS systems (e.g., VALL-E/Bark-style
and TTS components integrated into general LLM
stacks) (Wang et al., 2023; Le et al., 2023), which
offer strong quality but usually require online GPU
inference.

In this paper, our focus is on TTS architectures
suitable for offline, real-time, end-device applica-
tions. Therefore, we limit our discussion to mod-
els that can operate efficiently in CPU-first, low-
latency settings.

In practice, we can narrow our focus to TTS ar-
chitectures that include a distinct phonemization
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Figure 2: Four common granularity levels in TTS archi-
tectures, differing by intermediate representations.

stage. Broadly, modern TTS systems can be cate-
gorized into four levels of architectural granularity
(Figure 2). At one extreme, fully end-to-end mod-
els map raw text directly to waveform; at the other,
highly modular pipelines decompose the task into
explicit stages: first converting text to phonemes,
then generating a spectrogram, and finally synthe-
sizing the waveform through a vocoder. Under-
standing the degree of granularity in a given TTS
architecture provides insight into the complexity
of the problem the model must solve, the capac-
ity it may require, and the latency implications of
its intermediate components. This perspective is
essential when selecting an appropriate model for
applications with constraints such as low-latency
or limited compute.

VITS, FastSpeech-family models, Glow-TTS,
and other flow-based systems, as well as recent dif-
fusion/consistency approaches (e.g., Matcha-like
designs), are the most relevant to our goals (Kim
et al., 2021; Ren et al., 2019, 2020; Kim et al.,
2020; Mehta et al., 2024; Rhasspy Team, 2023).In
summary: VITS merges acoustic modeling and
vocoding and offers good quality with low-latency;
FastSpeech generates spectrograms in parallel and
is very fast with a light vocoder; flow-based mod-
els enable stable alignments and parallel inference;
diffusion/consistency models improve robustness
and quality with careful inference schedules (Kim
et al., 2021; Ren et al., 2019; Kim et al., 2020;
Mehta et al., 2024; Li et al., 2023).

Piper architecture, which is the baseline model
in this study, is closely related to these families and
is based on VITS with practical improvements for
deployment (ZachB100, 2023). It uses a modular
structure with a G2P front-end and a phoneme-
to-speech (P2S) neural back-end. By moving the
G2P step outside the neural model (typically us-
ing a lightweight rule-based phonemizer such as

eSpeak-ng (eSpeak NG developers, 2013)) and ex-
porting models to ONNX for CPU-friendly infer-
ence, Piper reduces model size, and improves speed
while maintaining acceptable naturalness. For a
more detailed justification for choosing Piper as
our baseline, please refer to Appendix A.

2.2 G2P Tools

Since a central focus of this study is enhancing the
G2P component of a TTS system, we briefly review
the relevant literature and available tools.

G2P methods have evolved in parallel with TTS
systems. Early rule-based approaches and pro-
nunciation lexicons were compact and predictable
but struggled with out-of-vocabulary words and
context-dependent pronunciations. Statistical meth-
ods such as finite-state and n-gram letter-to-sound
models and CRF-based taggers generalized bet-
ter while remaining relatively lightweight (Beesley
and Karttunen, 2003; Bisani and Ney, 2008; Ji-
ampojamarn et al., 2007). Neural models, includ-
ing RNNs and Transformers, have since achieved
state-of-the-art accuracy by capturing longer-range
dependencies (Yao and Zweig, 2015; Vaswani et al.,
2017), but they typically require more compute and
memory than lightweight statistical or rule-based
methods (Park, 2019).

In the case of Persian, several non-scholarly
G2P implementations exist on platforms such as
GitHub (Dehghani, 2022; Pascal, 2020; Rabiee,
2019; Ajini, 2022; Mortensen et al., 2018; Alipour,
2023). A recent benchmark study evaluated these
tools and found their performance to be unsatis-
factory, reporting phoneme error rates (PER) be-
tween 15-50%, homograph disambiguation accu-
racy below random baseline, and Ezafe detection
F1 scores ranging from 6-60% (Qharabagh et al.,
2025b). Subsequently, a Persian LLM-powered
G2P model was introduced that substantially im-
proved these metrics (Qharabagh et al., 2025b).
Nevertheless, such models are not suitable for free,
offline, or real-time use, the key constraints of our
target applications.

Building on those findings, another study lever-
aged the outputs of the LLM-based system to create
a new dataset and train two open-source, offline
G2P models (Qharabagh et al., 2025a): Homo-
GE2PE (Fetrat, 2025a) and HomoFast eSpeak (Fe-
trat, 2025b). Homo-GE2PE is a high-quality neural
G2P model that performs well across PER, homo-
graph disambiguation, and Ezafe detection. Ho-
moFast eSpeak, in contrast, is entirely non-neural
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and extremely fast, achieving good PER and homo-
graph accuracy but offering limited Ezafe detection
capability due to its lack of linguistic modeling.

2.3 Decoupled TTSs

To the best of our knowledge, no prior work has
proposed structuring a TTS system so that some
of its internal submodules operate as indepen-
dent services to take advantage of modular de-
coupling. While several studies and open-source
projects provide complete TTS systems as API-
based services (Black et al., 2004; MARYTTS,
2022; Pipecat Al, 2024; LlamaEdge contributors,
2024), this should not be confused with the ap-
proach presented here.

Our work differs fundamentally from these sys-
tems: rather than exposing the entire synthesizer
as a remote service, we implement a service-based
decomposition within the TTS pipeline itself. This
design decouples computationally heavy, higher-
latency modules, such as context-aware phonem-
ization components, from the lightweight infer-
ence core, improving overall responsiveness and
enabling real-time performance.

3 Methodology

As discussed earlier, our baseline system is Piper,
which adopts a two-stage pipeline (Type 3 granu-
larity in Figure 2): (1) a text-to-phoneme conver-
sion step implemented with the eSpeak phonem-
izer, followed by (2) a neural phoneme-to-speech
(P2S) model that synthesizes the waveform with-
out a separate vocoder. The primary focus of this
work is to strengthen the first stage by introducing
context-aware phonemization and to address the
practical challenges that arise when integrating this
improved G2P component into the complete TTS
pipeline.

The default phonemizer in PiperTTS, eSpeak, is
a rule-based system relying on dictionary lookups
and hardcoded linguistic rules. This design in-
troduces weaknesses for languages that require
context-aware phonemization, particularly in han-
dling homograph disambiguation and Ezafe detec-
tion in Persian. We propose two complementary
families of solutions to address these challenges.

3.1 Statistical Context-Awareness

Context-awareness can be introduced in
lightweight TTS systems using simple sta-
tistical methods. Certain phonemization tasks,

such as homograph disambiguation, can be
addressed with shallow contextual statistics instead
of heavy neural models.

Qharabagh et al. (2025a) showed that a method
based on word co-occurrence distributions can im-
prove homograph disambiguation accuracy by up
to 30 percentage points. Their approach constructs
a database of homographs and their commonly as-
sociated context words, selecting the pronunciation
with the highest contextual overlap for a given in-
put. This database includes about 327 thousand bal-
anced samples for 285 homogarphs with an average
of 9.4 context words. On average, there are over
1400 unique words in the context sentences of each
homograph word in the database. We adopt this
lightweight strategy to enhance PiperTTS’s phone-
mizer without adding computational overhead or
latency.

3.2 Distilled Linguistic Knowledge

Certain aspects of phonemization require deeper
linguistic understanding, such as detecting the
Ezafe phoneme, which depends on grammatical
and semantic relations between words. However,
full-scale language understanding is not necessary
for this task. Task-specific, lightweight neural mod-
els can be effectively trained via knowledge distil-
lation from larger models.

In our case, Ezafe detection can be viewed as
a subtask of part-of-speech (POS) tagging. The
SpaCy POS tagger for Persian (Roshan, 2023) is re-
ported to achieve top performance on Ezafe tagging
but is relatively heavy and slow during inference
(Section 4.2). To obtain a lighter alternative, we
distilled the Ezafe tagging knowledge of the SpaCy
model into a smaller model based on ALBERT
(Lan et al., 2019).

We created a labeled dataset from the text portion
of the ManaTTS corpus (Qharabagh et al., 2025c)
by automatically annotating Ezafe tags using the
SpaCy tagger’s predictions. A pretrained Persian
ALBERT model' (HooshvareLab, 2021) was then
fine-tuned on this data, producing a smaller, faster
model with performance nearly comparable to the
original tagger (Section 4.2). For efficient CPU-
based inference and reduced memory usage, the
distilled model was exported to ONNX.

'The specific version used was HooshvareLab/albert-fa-
zwnj-base-v2.
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Figure 3: The proposed service-based architecture for context-aware TTS.

3.3 Fine-tuned Synthesizer

We fine-tuned the phoneme-to-speech model on
the phoneme sequences produced by the enhanced
phonemizer. Fine-tuning was carried out for 1,000
epochs with a batch size of 32 on a workstation
equipped with an NVIDIA A100-SXM4 GPU (80
GB) and an Intel Xeon Platinum 8380 CPU with 1
TB of system memory, using the Persian ManaTTS
dataset (Qharabagh et al., 2025¢). This step was
crucial for enabling the model to correctly handle
Ezafe phonemes and to distinguish between homo-
graphs that differ by only a few phonemes, rather
than biasing toward the most frequent pronuncia-
tions observed in baseline models. The fine-tuned
synthesizer was exported to ONNX for faster and
more lightweight CPU inference.

3.4 Service-Based Integration

When all components of a TTS system are inte-
grated into a single unified runtime, the individual
loading and inference delays of each module ac-
cumulate, resulting in a significant overall latency.
To overcome this bottleneck, we adopted a service-
oriented architecture, setting up utility modules as
independent, persistent services running in separate
processes. The core TTS module communicates
with these services using inter-process communi-
cation (IPC) via piped input and output files. This
design decouples the initialization of independent
modules and significantly reduces latency during
inference.

In our setup, the context-aware phonemization
components operate as a dedicated service, with
the core TTS engine interacting through two file
pipes (input and output). For each input text, the
core TTS module first generates an initial phoneme
sequence using its default phonemizer (PiperTTS’s
eSpeak-based component). This sequence is then
sent to the context-aware phonemization service,
where it undergoes two refinement stages: the ho-
mograph disambiguation module corrects potential

mispronunciations, and the Ezafe detection model
inserts any missing Ezafe phonemes. The enhanced
phoneme sequence is then returned to the core TTS
engine and passed to the phoneme-to-speech model,
which synthesizes the final audio output. Figure 3
illustrates this service-based setup for the context-
aware TTS proposed in this study.

4 Experiments

In this section, we evaluate how the proposed
context-aware phonemization modules improve a
rule-based phonemizer’s accuracy and affect infer-
ence speed. While context-aware modules enhance
phonemization quality, they also introduce addi-
tional computational load that can increase latency.
We therefore assess their performance within our
service-based framework, which decouples these
heavier components and restores real-time oper-
ation without compromising phonemization im-
provements.

Our enhanced system, Piper equipped with the
proposed lightweight context-aware phonemiza-
tion components, is referred to as "Piper + LCA-
G2P", where LCA stands for Lightweight Context-
Aware. To demonstrate the framework’s ability
to handle heavier models, we also integrated the
state-of-the-art Persian G2P model, Homo-GE2PE
(Qharabagh et al., 2025a), which handles both
homograph disambiguation and Ezafe detection.
This setup, "Piper + Neural G2P", uses a substan-
tially larger model (300M parameters) compared to
Piper’s lightweight 15-20M parameters, showing
that the framework can accommodate computation-
ally intensive neural components while maintaining
real-time performance.

All experiments evaluating real-time factor
(RTF)? were conducted on a typical end-device
configuration: a Windows system with a 12th Gen

RTF, or real-time factor, is the ratio of audio synthesis

time to the duration of the generated audio. For instance, an
RTF of 0.2 indicates synthesis five times faster than real-time.
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Model PER Ezafe F1 Homograph RTF |

(% |) (% 1) Acc. (% 1) Direct Call Service-Based
MatchaTTS
(Mahmoudi, 2025) 6.32+0.00 19.58 +£0.00 43.87+0.00 0.185+0.051 -
GlowTTS
(Kamtera, 2023) 6.61 £0.00 1996 +£0.00 43.87+0.00 1.364 +0.705 -
Piper (Base)
(Karimi, 2024) 6.324+0.00 19.58+0.00 43.874+0.00 0.153 + 0.012 -
Piper + Neural G2P 495 +0.68 87.70 £ 0.78 74.53 £0.39 3.840 +0.415 0.396 + 0.095
Piper + LCA G2P 4.80 +=1.06 90.08 +0.72 77.67 +0.22 5.519 +£0.984 0.167 £ 0.015

Table 1: Comparison of phonemization accuracy and inference speed across baseline and proposed TTS models.

Model Params Memory  Disk Ezafe F1 Avg. Inf. Time
(Millions |)  (MB|) (MB |) (% 1) (s

SpaCy (Roshan, 2023) 162.84 621.19 125849 97.67 +£0.00 0.110 £ 0.004

ALBERT-based (Ours) 11.09 42.32 41.38 94.19+£0.00 0.037 + 0.001

Table 2: Comparison between the SpaCy teacher model and the distilled ALBERT-based Ezafe detector.

Intel Core i7-1255U CPU (10 cores, 1.7 GHz) and
16 GB of RAM, running CPU-only inference. This
setup demonstrates the system’s suitability for of-
fline, low-latency, and real-time applications, with-
out relying on GPU acceleration. The results are
summarized in Table 1.

4.1 Mean Opinion Score

The enhanced soundness and context-awareness of
the phonemization process, along with the subse-
quent fine-tuning of the phoneme-to-speech (P2S)
engine, are expected to improve the overall natural-
ness of the generated speech. Table 3 presents the
Mean Opinion Score (MOS) results for the baseline
and enhanced TTS systems, as well as the reference
natural speech.

Table 3 shows the average Mean Opinion Score
(MOS) for the baseline and enhanced TTS systems,
alongside natural speech, based on evaluations
from 16 native Persian speakers across seven ut-
terances. For full details of the experiment, please
refer to Appendix B.

4.2 Ezafe Detection Module Evaluation

This section presents the experiments conducted on
the distilled Ezafe detection module, demonstrating
that it achieves a substantial reduction in size and
computational overhead while retaining the strong
performance of its teacher model. All experiments

Source MOS t

Glow (Kamtera, 2023) 1.30 £ 0.75
Matcha (Mahmoudi, 2025) 2.54 4+ 0.99
Piper (Base) (Karimi, 2024) 241 +£0.84
Piper + LCA G2P (Ours) 3.14 + 1.00
Natural Speech 421 £0.97

Table 3: MOS of the baseline and enhanced TTS system
compared to natural speech.

were conducted on a CPU environment in Google
Colab. The results are summarized in Table 2.

5 Conclusion

This study addressed the fundamental trade-off be-
tween speed, lightweightness, and context-aware
phonemization in G2P-aided TTS systems. We
proposed practical approaches to mitigate this chal-
lenge, including methods for developing auxiliary
context-aware modules that are inherently lighter
and faster, as well as introducing a service-based
architecture that enables their efficient integration
into real-time TTS pipelines.

The proposed framework demonstrated that it is
possible to achieve enhanced phonemization accu-
racy without compromising real-time performance.
By decoupling heavy context-aware components
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from the core runtime and executing them as in-
dependent services, the system maintained low-
latency while significantly improving the overall
soundness of the synthesized speech. These charac-
teristics make the architecture particularly suitable
for offline, end-device, and low-latency applica-
tions such as screen readers.

All source code, models, and experimental re-
sults from this work are publicly available. 3

Limitations

Even with fully corrected phoneme sequences in
the TTS system, achieving complete naturalness
remains out of reach. This is primarily because
lightweight TTS models have limited capacity in
the phoneme-to-speech component, which is typ-
ically insufficient to fully capture or reproduce
higher-level prosodic and expressive features. As
a result, the overall perceived naturalness cannot
reach its maximum potential. Further research is
needed to improve these aspects of naturalness
while maintaining the desired properties of speed
and lightweight design.

Another consideration is that, from a perceptual
standpoint, naturalness is more closely associated
with qualities such as smoothness, noiselessness,
and accurate intonation and stress patterns. Cor-
rect phonemization primarily affects pronunciation
soundness and only indirectly contributes to per-
ceived naturalness. It may therefore be valuable to
design subjective evaluation protocols that separate
the assessment of phonemization accuracy from
other dimensions of naturalness, such as prosody
and fluency.

Another limitation, or rather an avenue for fu-
ture enhancement, lies in the service-based setup
itself. Now that several components are decoupled
from the core TTS engine, additional optimization
strategies can be applied to the service layer. For
example, implementing request-level parallelism
or asynchronous processing could further reduce
overall system latency and improve scalability.
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A Selection Criteria for PiperTTS

Considering the requirements of the TTS system
in this study and the models reviewed in the re-
lated work section, we found PiperTTS to be the
most suitable architecture for our needs. PiperTTS
has been available for several years and has gained
significant community attention and contributions
(OHF-Voice, 2025). It exhibits several characteris-
tics that align with the requirements and objectives
of this research:

» Lightweightness: One of PiperTTS’s core
strengths is its ability to run efficiently on
CPUs and even low-end devices such as Rasp-
berry Pi. Its ONNX runtime export enables
lightweight deployment on various hardware
platforms.

* Speed: PiperTTS demonstrates high infer-
ence speed, achieving a real-time factor (RTF)
of approximately 0.2.

* Naturalness: The model provides medium
to high perceptual quality, as verified
through publicly available checkpoints (Nav-
abi, 2025).

* Accessibility Integration: PiperTTS has al-
ready been integrated into the open-source
NVDA screen reader, which embeds TTS
engines through add-ons called synthesizer
drivers. An established Piper synthesizer
driver is publicly available (Omer, 2025).

* Open Source: Being open source, PiperTTS
facilitates the development of accessible tools
and enables contributions to a field that cur-
rently lacks substantial open research.
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¢ Persian Support: The model has an active
Persian-speaking community, with available
checkpoints and established Persian training
setups.

Given these factors, PiperTTS was selected as
the base TTS architecture for this work.

B Mean Opinion Score Details

To evaluate perceived naturalness, we selected
seven utterances from a recent issue of the online
monthly magazine Nasl-e-Mana, a publication for
the blind community and the source of the publicly
available ManaTTS dataset. The chosen issue con-
tained content not included in the ManaTTS corpus
used for fine-tuning the phoneme-to-speech model.

For each utterance, audio was generated using
five sources: two open-source lightweight Persian
TTS models (GlowTTS and MatchaTTS), the base-
line PiperTTS model, our enhanced Piper system,
and the corresponding natural speech recordings.
The audio samples for all utterances are provided
in the repository’s samples directory. * To avoid
bias based on overall model reputation or perceived
quality, the order of the five sources was indepen-
dently shuffled for each utterance.

Sixteen native Persian speakers were asked to
rate the naturalness of each audio clip on a scale
from 1 to 5 (MOS), with 5 indicating the most
natural pronunciation. Participants were instructed
as follows (translated from Persian):

"Please listen to each audio clip and rate its nat-
uralness on a scale from 1 to 5. A score of 5 cor-
responds to fully natural pronunciation, while a
score of 1 corresponds to the least natural or highly
robotic pronunciation. Lower your rating if you
detect any unnatural intonation, mispronunciation,
or mechanical quality."

The resulting overall MOS values, averaged
across all utterances, are shown in Figure 4. De-
tailed MOS results per utterance, including the
shuffled order of sources, are provided in Table 4.
Standard deviations are reported to reflect inter-
subject variability. Additionally, the distribution of
MOS scores assigned to our enhanced model by
individual participants is illustrated in Figure 5.

Additional Figures

Visualizing experimental findings can provide valu-
able insight. A central concern of this study is

4https://github.com/MahtaFetrat/
Piper-with-LCA-Phonemizer

the trade-off between inference speed and phone-
mization quality: as the quality of TTS im-
proves, especially with the aid of context-aware
and linguistically-informed phonemization tools,
inference typically becomes slower. Our work pro-
poses a service-based architecture that mitigates
this trade-off, allowing models to achieve both rea-
sonable speed and improved phonemization qual-
ity.

Figure 6 illustrates the performance of the eval-
uated models along two axes: speed and quality.
Inference speed is represented by the real-time fac-
tor (RTF), displayed on a logarithmic scale. For
quality, we define a composite metric that combines
the key context-aware phonemization challenges
studied in this work:

Ezafe F1 + Homograph Acc.
PER
ey

This formulation rewards higher Ezafe Fl1
and homograph accuracy while penalizing higher
phoneme error rate, providing an intuitive mea-
sure aligned with our goals. The quality values are
schematically arranged for visualization, maintain-
ing relative correctness.

In this plot, models that are both fast and high-
quality appear in the top-right corner. As expected,
our proposed enhanced version, "Piper + LCA-
G2P", occupies this position, demonstrating that
it maintains strong inference speed while substan-
tially improving phonemization quality.

G2P Quality =
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Mean Opinion Score (MOS)

1.30

241

4.21

Model

Figure 4: Overall average MOS across all seven utterances for each TTS system and natural speech, highlighting
the improved naturalness of the enhanced Piper system.

Piper + LCA  Natural Glow Matcha  Piper (Base)

Utterance 1 MOS 294+0.68 4.12+050 1.19+0.54 225+0.77 2.38+0.81
Order 5 1 2 3 4

Utterance 2 MOS 375+£093 425+1.00 200+1.03 2.62+1.09 238+0.89
Order 3 2 4 1 5

Utterance 3 MOS 3.194+091 488+034 1.12+050 244+096 2.124+0.62
Order 4 3 o) 5 1

Utterance 4 MOS 2814+098 456+1.03 1.12+034 250+1.03 2.194+1.05
Order 2 5 4 3 1

Utterance 5 MOS 262+1.15 431+070 1.19+0.75 2.69+1.08 3.00+0.73
Order 2 4 1 5 3

Utt 6 MOS 3.69+0.87 381+122 125+0.77 262+1.02 2.62+0.81
erance 6 o der 2 1 5 3 4

Utterance 7 MOS 3.00+1.03 356+1.15 125+0.77 262+1.09 2.194+0.75
Order 1 2 4 5 3

Table 4: Per-utterance MOS (mean =+ std) for each source. “Order” shows the presentation order (1-5) of the
sources for that utterance (randomized per utterance).
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Figure 5: Distribution of MOS ratings assigned by participants to the enhanced TTS system (Piper + LCA-G2P).

3.9 A 4

| Piper + LCA G2P )

32.8 | Piper + Neural G2P |”‘

| GlUwTTSJ — | Piper (Base)J
. MatchaTTS |

: PN

Phonemization Quality Score

we
~S

1.364
0.396
0.185
0.167
0.153

Real-Time Factor (log scale, lower = faster)

Figure 6: Trade-off between inference speed (RTF, log scale) and phonemization quality (composite metric) for
various TTS models. The top-right region indicates models that are both fast and high-quality.
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Abstract

Retrieval-Augmented Generation (RAG) sys-
tems depend critically on retrieval quality to
enable accurate, contextually relevant LLM
responses. While LLMs excel at synthesis,
their RAG performance is bottlenecked by doc-
ument relevance. We evaluate advanced re-
trieval techniques including embedding model
comparison, Reciprocal Rank Fusion (RRF),
embedding concatenation and list-wise and
adaptive LLM-based re-ranking, demonstrat-
ing that zero-shot LLMs outperform traditional
cross-encoders in identifying high-relevance
passages.

We also explore context-aware embeddings,
diverse chunking strategies, and model fine-
tuning. All methods are rigorously evaluated
on a proprietary dataset powering our deployed
production chatbot, with validation on three
public benchmarks: FiQA, HotpotQA, and Sci-
Docs. Results show consistent gains in Re-
call@10, closing the gap with Recall@50 and
yielding actionable pipeline recommendations.
By prioritizing retrieval enhancements, we sig-
nificantly elevate downstream LLM response
quality in real-world, customer-facing applica-
tions.

1 Introduction

To enhance our RAG-based system’s retrieval per-
formance, we observed that when relevant docu-
ments are ranked within the top three results, the
LLM generates accurate and comprehensive re-
sponses in over 92% of cases. However, the re-
call@3 for retrieved documents was notably lower,
underscoring a critical bottleneck in the retrieval
phase. This insight drove our investigation into
advanced retrieval strategies to improve overall sys-
tem performance, with a deliberate emphasis on
enhancing recall metrics. We specifically focus
on the retrieval component, as LLMs have demon-
strated the ability to generate accurate responses

when relevant documents are present in their con-
text. Importantly, this research intentionally limits
its scope to retrieval enhancements and does not
evaluate the full end-to-end RAG pipeline, priori-
tizing improvements in document relevance to lay
a stronger foundation for downstream generation
tasks.

2 Related Work

Retrieval-Augmented Generation (RAG) has
emerged as a pivotal framework for enhancing
large language models (LLMs) by integrating ex-
ternal knowledge sources to improve response ac-
curacy and relevance. The foundational work by
(Lewis et al., 2020) introduced RAG, combining
parametric and non-parametric memory to effec-
tively tackle knowledge-intensive tasks. A compre-
hensive survey by Gao et al. (2024) reviews over
100 RAG studies, categorizing them into Naive,
Advanced, and Modular RAG paradigms, and pro-
vides insights into advancements in retrieval, gen-
eration, and augmentation techniques.

The retrieval phase is central to RAG’s effi-
cacy. Recent innovations include Hypothetical
Document Embeddings (HyDE), introduced in Gao
et al. (2023), which enhance zero-shot dense re-
trieval by generating hypothetical documents that
better capture query intent. Reciprocal Rank Fu-
sion (RRF) (Cormack et al., 2009) aggregates rank-
ings from multiple retrievers, proving valuable in
hybrid search.

Context-aware embeddings have been investi-
gated to capture nuanced query-document relation-
ships. Anthropic’s Contextual Retrieval method
(Anthropic, 2024), along with Zhang et al. (2025b),
significantly reduce retrieval failures by incorporat-
ing chunk-level context and improving precision
(Rau et al., 2025). The impact of context length is
studied in (Joren et al., 2025), which introduces the
concept of sufficient context, and (Li et al., 2024),
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which compares RAG with long-context LLMs and
proposes a hybrid approach.

Model fine-tuning using LL.Ms to generate syn-
thetic samples is explored in Appendix D. A com-
mon pipeline, as noted by Rosa et al. (Rosa et al.,
2022), retrieves top-k candidates using bi-encoders
and re-ranks them with cross-encoders.

LLMs have shown exceptional performance in
complex tasks (Brown et al., 2020), prompting
exploration of their use in re-ranking (Qin et al.,
2024). SlideGar (Rathee et al., 2025a) and related
work (Rathee et al., 2025b) demonstrate adaptive
retrieval guidance, while (Gangi Reddy et al., 2024)
propose FIRST, a listwise re-ranking method using
output logits. LLMs also excel at needle-in-the-
haystack tasks (Team et al., 2024).

To our knowledge, no prior study evaluates
LLMs as direct re-rankers over the top 50 can-
didates from state-of-the-art embedding models.
We address this gap by focusing exclusively on
retrieval enhancement to maximize downstream
LLM performance.

3 Datasets

We tested all the approaches on four datasets. Three
of the datasets come from the BelR benchmark
(Thakur et al., 2021b), and we curated a propri-
etary internal dataset for our downstream use case.
Below is a brief description of each dataset:

FiQA-2018: The Financial Question Answer-
ing dataset (FiQA-2018) focuses on question-
answering in the financial domain. It contains
14,166 query-document pairs, with 648 queries
and a corpus of 57,638 documents. Queries are
financial questions, and documents are relevant
passages or answers, often sourced from financial
texts. The dataset uses binary relevance judgments,
with an average of 2.6 documents per query. FiQA
is designed to evaluate retrieval models’ ability to
handle domain-specific queries.

HotpotQA: HotpotQA is a question-answering
dataset emphasizing multi-hop reasoning. Queries
require reasoning over multiple documents (specifi-
cally 2) to provide answers, supported by sentence-
level facts for explainability. The corpus is
Wikipedia-based containing 5,233,329 documents.
We however have constructed a smaller corpus
from the Dev set (distractor) setting with 66,581
documents, to keep the size of corpus in the same
range as the other datasets. We report the perfor-
mance of our experiments on the 7405 questions

from the Dev set (distractor) setting. This setting
tests the models’ capabilities in retrieving both the
relevant documents needed for multi-hop reason-
ing.

SciDocs: SciDocs is a citation prediction dataset
in the scientific domain, comprising 1,000 queries
and a corpus of 25,657 documents. It focuses on
retrieving documents relevant to scientific queries,
with binary relevance judgments and an average
of 4.9 documents per query. SciDocs evaluates
models’ performance in retrieving precise, domain-
specific scientific information, making it suitable
for testing retrieval in academic contexts.

Help Articles: Our product assistant chat-bot
answers questions related to the company’s prod-
uct usage, tax & finance related queries in general.
This content comes from a lot of help and support
articles available on publicly accessible company
web-pages/ PDFs. We extracted text from 15,848
such web-pages and some PDF articles. PDF text
chunking was done using LLMSherpa as it’s layout-
aware chunking helps preserve structural coherence
(e.g., sections, tables). These source documents,
particularly the PDFs have higher average token
count than all the BelR datasets hence chunking is
needed for models with smaller context windows.
We also collected Subject Matter Expert (SME)
feedback on 310 user queries and the model’s re-
sponses. This is the same dataset used to build
and deploy our production chatbot, which has been
successfully answering live customer queries in the
wild.

Extended summary stats for each dataset used
can be found in Table 1.

4 Methodology

4.1 Help Articles Data Preparation

We collected data from the company’s public URLs
and help and support PDFs. For pages contain-
ing tables, these were extracted and converted into
markdown format before being passed to the mod-
els for embedding creation. This led to better re-
trieval performance for queries that needed infor-
mation in the tables.

For generating recommendations, we utilized
five different promising embedding models (see
Section 4.2) to create an unbiased set of documents
to be shared with SMEs. The top 10 retrieved arti-
cles from each model were collected. We followed
a systematic process: selecting and stacking the
rank 1 article from each model and removing dupli-
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Dataset Queries Rel D/Q Chunks Chunks Total Median Tokens Max

count 512 2048  documents tokens p75 tokens
FiQA 648 2.6 60,314 57,658 57,638 115 206 3,471
HotpotQA 7,405 2 66,790 66,581 66,581 486 690 8,263
SciDocs 1,000 49 27,234 25,736 25,657 187 245 6,980
Help Articles 310 3.6 28,870 20,243 15,848 237 480 125,248

Table 1: Dataset statistics including total number of queries, chunk counts for different chunk sizes, total documents,

median token count, 75th percentile token count, and maximum token count

cates, then proceeding similarly with rank 2 articles,
and so on until we obtained 10 unique recommen-
dations for each question in our dataset. Finally,
we randomized the order of these top 10 recom-
mendations before sharing them with the SMEs.

For SME feedback, we asked experts to rank
the articles based on their relevance to each query.
They could use the links provided, but also add their
own in the ranked list if they found that the answers
were coming from beyond the list provided. This
option was utilized by the SMEs in 20% of the
cases. We also collected feedback on the overall
answer quality.

4.2 Embedding models

The selected embedding models consist of some of
the top performing models on the Massive Text Em-
bedding Benchmark (MTEB) (Muennighoff et al.,
2023) at the time of writing this paper:

* stella 1.5B (Zhang et al., 2025a)

* text-embedding-3-large (OpenAl, 2024)

* gemini-large-03-07 (Lee et al., 2025)

* Alibaba-NLP/gte-Qwen2-1.5B-instruct (Li

et al., 2023)

* BM25 (Robertson and Zaragoza, 2009)

We consider BM25 as it is still a widely used
keyword-based approach. Also, we had seen in our
earlier tests for one of our company’s products that
it does add some value when some specific error
codes are mentioned in the query by the user while
facing issues with the product.

Additional models were initially experimented
with, but these were later dropped as they had a
larger/more recent model from the same provider
available and/or were performing lower. These
models are:

* stella 400M (Zhang et al., 2025a)

* text-embedding-ada-002 (OpenAl, 2022)

¢ text-embedding-005-gemini (Lee et al., 2025)

e finBERT (Araci, 2019) and a fine-tuned ver-
sion with proprietary data. More information
about this fine-tuning can be found in Ap-
pendix D

4.3 Chunking for embeddings

We generated document chunks of varying lengths
(512 & 2048 tokens) and evaluated performance
across these configurations. The BelR datasets con-
tained relatively concise documents with limited
token counts, resulting in minimal performance
variation between configurations. Nevertheless,
models utilizing 2048-token segments consistently
demonstrated superior performance compared to
512-token, as this length preserves the coherence
of documents that marginally exceed the 512-token
threshold. We conducted additional experiments
with 1024 and 4096-token segments, which can be
found in Table 6 in the Appendix, but for clarity
and conciseness, we present performance metrics
exclusively for the 2048 token configuration.

4.4 Reciprocal Rank Fusion(RRF)

For each dataset and candidate embedding model,
we evaluated retrieval effectiveness using Re-
call@50 and Recall@10 metrics. This initial as-
sessment revealed a substantial performance dispar-
ity between Recall@50 and Recall@10 across all
datasets. Subsequently, we identified the highest-
performing model for each dataset (based on Re-
call@50) and implemented pairwise RRF between
that model and each alternative candidate model.
While more comprehensive model combinations
were feasible, we prioritized solution stability and
deployment simplicity while still achieving signifi-
cant performance enhancements.

4.5 Embedding Concatenation

Additionally, we investigated embedding concate-
nation as a lightweight fusion mechanism to inte-
grate complementary signals from multiple embed-
ding models. Specifically, we normalized all dense
embeddings to unit length and performed pairwise
concatenation between the best-performing model
on each dataset and each of the remaining three
dense embedding models, yielding multiple aug-
mented representations per candidate passage.
Notably, the performance gains observed were
comparable to those achieved with Reciprocal
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Model FIQA SciDocs Help Articles HotpotQA
R@50 R@10 R@50 R@10 R@50 R@10 R@50 R@10
gemini_large_03_07 81.8% 65.7% 45.5% 27.1% 88.0% 69.4% 97.8% 94.6%
Stella 1.5B 81.7%  63.2% 46.5% 26.9% 86.4%  68.5% 95.91%  89.9%
text-embedding-3-large ~ 78.0%  63.0% 42.5%  25.1% 86.3%  67.0% 94.6% 87.9%
gte-Qwen2-1.5B 80.3%  61.8% 43.7%  24.7% 83.7%  63.0% 92.4% 85.2%
BM25 38.1%  23.9% 21.6%  12.3% 54.3%  34.8% 70.1% 61.2%

Table 2: Recall metrics (Recall@50 and Recall @ 10) for different models across FIQA, SciDocs, Help Articles, and
HotpotQA datasets. The model chunk size is 2048 in each case.

FIQA SciDocs Help Articles HotpotQA
Model Recall@50 Recall@10 Recall@50 Recall@10 Recall@50 Recall@10 Recall@50 Recall@10
Champion (gemini_large_03_07) 81.8% 65.7% 45.5% 27.1% 88.0% 69.4% 97.8% 94.6 %
Champion + Stella 1.5B 84.3% 66.7% 47.3% 27.5% 89.1% 71.5% 97.7% 93.4%
Champion + text-embedding-3-large 82.3% 66.6% 45.4% 26.8% 89.2% 73.2% 97.7% 92.6%
Champion + gte-Qwen2-1.5B 84.8% 65.8% 46.3% 27.2% 89.8% 70.8% 97.4% 90.8%

Champion + BM25 75.1%

49.0%

41.0%

20.8%

87.0%

58.1%

97.4%

89.1%

Table 3: Reciprocal Rank Fusion results. Recall after combining the retrieval results from the champion model
(gemini_large_03_07) in Table 2 with the rest of the candidates.

FIQA SciDocs Help Articles HotpotQA

Model Recall@50 Recall@10 Recall@50 Recall@10 Recall@50 Recall@10 Recall@50 Recall@10
Champion 84.3% 66.7% 47.3% 27.5% 89.2% 73.2% 97.8% 94.6%
Champion + Cross Encoder 84.3% 61.6% 47.3% 22.9% 89.2% 69.4% 97.8% 94.3%
Champion + LLM Reranking ~ 84.0% + 0.0  64.7% + 0.4 474% £ 0.0  249% +0.2 89.2% £ 0.0 74.7% + 0.0 97.8% + 0.0  96.4% + 0.0
Champion + SlideGAR 84.0% £ 0.0  66.7% + 0.5 474% + 0.0 27.7% + 0.1 89.2% £ 0.0 72.2% 4+ 0.0 97.8% 96.1%
BM25 38.1% 23.9% 21.6% 12.3% 54.3% 34.9% 70.1% 61.2%
BM25 + Cross Encoder 40.2% 34.9% 21.7% 14.9% 67.9% 55.2% 71.0% 69.2%
BM25 + LLM Reranking 38.1% 23.9% 21.7% 16.5% 67.9% 55.3% 70.1% 61.2%

Table 4: Re-ranking results. Different re-ranking methods applied to the best approach from Table 3 for each
dataset. For FIQA and SciDocs it is gemini_large_03_07 + Stella 1.5B, for Help Articles gemini_large_03_07 +
text-embedding-3-large, and for HotpotQA gemini_large 03_07. Confidence intervals (95%) are shown where
available. All values are rounded to one decimal place. Highest mean value in each column is bolded.

Rank Fusion (RRF), with detailed results reported
in Appendix F. This suggests that embedding con-
catenation and RRF are equally effective fusion
strategies for combining retrieval signals.

However, for operational simplicity and consis-
tency in downstream re-ranking experiments (cross-
encoder and LLM-based), we selected RRF as the
primary fusion method. This choice allows us to
build a unified pipeline where all re-ranking strate-
gies are evaluated on top of the same high-quality
top-50 candidate set. We therefore generate all
further results using the RRF-enhanced retrieval
outputs only.

4.6 Reranking Strategies

We performed re-ranking on the champion mod-
els for each data set obtained post RRF (Table 3).
Details on the results of the same can be found in
Table 4.

4.6.1 Cross-encoder Reranking

To address the notable performance gap between
Recall@10 and Recall@50, we employed cross-
encoder reranking—a widely recognized methodol-
ogy for refining the ranking of top_k retrieved doc-
uments. This investigation incorporates Alibaba-

NLP/gte-reranker-modernbert-base (Zhang et al.,
2024) in its comparative analysis, as it has a very
competitive performance in several text embed-
ding and text retrieval evaluation tasks. This cross-
encoder architecture could enable more sophisti-
cated semantic matching than initial retrieval mod-
els alone.

4.6.2 LLM Reranking

We provide an LLM with the top 50 retrieved doc-
uments and ask it to return an ordered list with the
indices of the top 10 most relevant documents for
the provided query. To optimize the performance
on this LLM task, experiments are carried out with:

- Models: We primarily use gpt-4.1 for rerank-
ing. We have also experimented with gpt-4.1-mini
as a cost-effective alternative to gpt-4.1 in Table 7.
A cost analysis per query can be found in Appendix
A, to demonstrate the feasibility depending on the
user’s budget.

- Prompts: Different LLM prompt-tuning meth-
ods have been evaluated, including zero-shot, one-
shot and meta-prompting. Passing more than one
full example has not been evaluated as each exam-
ple contains 50 documents, hence being costly.

Another LLM based re-ranking strategy tested
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was SlideGAR.

4.7 Meta-Prompting

Hou et al. (2023) introduced meta-prompting as
a technique used to improve or generate a task-
specific prompt, often leveraging examples from
a dataset. We use a similar approach to come up
with a prompt to learn from hard examples in the
training set:

(1) For a subsample of the training set (1000
samples), retrieve the top 50 documents.

(2) If recall@50 >= 0.5 (there are relevant arti-
cles within the top 50), run LLM reranking.

(3) If recall@50 - recall@10 after re-ranking >
0.3, there was a re-ranking failure: use this exam-
ple to run meta-prompting and update the system
prompt.

Appendix B contains Figure 1 with the meta-
prompt used to obtain an enhanced system prompt.

5 Results

5.1 Evaluation Metrics

While evaluating performance on the Help Arti-
cles dataset, we observed that whenever relevant
documents were present within even the top three
retrieval results, the LLM generated accurate and
comprehensive responses in over 92% of cases.
This paper’s investigation is thus a direct attempt to
close the substantial gap between Recall@10 and
Recall@50, which was identified as the primary
performance challenge. Although we focus on the
recall metrics in this paper, we have still provided
nDCG scores for our main experiments in appendix
G to provide a more complete picture for the IR
community.

5.2 Retrieval: Embedding models

Table 2 presents the retrieval results using various
embedding models and BM25. Gemini embed-
dings consistently outperform all other embedding
models, with Stella 1.5B following closely behind.
These findings align with MTEB rankings, where
both models appear in the top 10. Interestingly, text-
embedding-3-large demonstrated superior perfor-
mance compared to Qwen2-1.5B when retrieving
10 documents. As expected, BM25 ranks lowest
among all approaches.

5.3 Retrieval: Reciprocal Rank Fusion

Since gemini_large_03_07 emerged as the best em-
bedding model in almost all datasets and metrics,

we designated it as the champion model and com-
bined its retrieval results with all other approaches
using Reciprocal Rank Fusion. Table 3 displays
these findings. Gemini’s Recall@10 improved
across all four datasets, with gains of up to 3.8
percentage points achieved via different retriever
ensembles, demonstrating that a well-combined en-
semble can surpass even the strongest individual
model.

While many traditional RAG pipelines employ
hybrid search combining an embedding model with
BM25, our results clearly indicate that including
BM25 in the combination significantly diminishes
overall retrieval performance compared to using
either a single embedding model or a combination
of two embedding models.

5.4 Re-ranking

Table 4 presents the results of applying various re-
ranking techniques to the best models from Table
3 for each dataset. Some interesting observations
are:

(1) With sufficiently powerful embedding mod-
els, cross-encoders appear to be no longer neces-
sary, as they actually decrease the recall @10 across
all datasets.

(2) LLM Re-ranking with GPT4.1 outperforms
all other approaches in 2 of the 4 datasets, while re-
maining competitive in the others. This represents
impressive performance for a zero-shot, out-of-the-
box model, especially considering it is being com-
pared to models specifically trained for retrieval
and re-ranking tasks. This suggests that future,
more powerful LLMs might achieve even better
results, and that fine-tuning an LLM specifically
for re-ranking could be worthwhile, given that its
base version already matches top performances.

(3) SlideGAR demonstrated performance compa-
rable to the champion model. It outperformed LLM
re-ranking in 2 datasets while being surpassed in
the other 2.

Additional LLM re-ranking ablation studies can
be found in Appendix C, where One-shot and Meta-
prompting techniques demonstrated slight improve-
ments in re-ranking performance.

6 Conclusion & Future Research

Our comprehensive analysis of advanced retrieval
strategies for Large Language Models (LLMs)
within Retrieval-Augmented Generation (RAG)
systems has yielded several critical insights and
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actionable strategies. Despite achieving notable
improvements, a persistent gap remains between
Recall@10 and Recall @50 across various datasets,
indicating significant room for optimization in doc-
ument retrieval accuracy.

The implementation of Reciprocal Rank Fusion
(RRF) and LLM re-ranking has demonstrated de-
cent gains, underscoring their effectiveness in en-
hancing retrieval performance. Cross-encoder re-
ranking also contributed positively, albeit variably
across different setups. These results solidify the
importance of these advanced techniques in refin-
ing the retrieval process.

We make the following strategic recommenda-
tions for Building an Effective Retrieval Pipeline:

1. Initial Testing: Conduct thorough test-
ing with top-performing embedding models
across different chunk sizes to understand
their baseline performance.

2. RRF or Concatenation: Select a champion
model and apply either pairwise RRF or em-
bedding concatenation with other candidates.
Both methods yield comparable gains in Re-
call@10.

3. Advanced Re-ranking: With the refined
model from the fusion phase, experiment with
adaptive and list-wise LLM re-ranking, along
with cross-encoder re-ranking, to further opti-
mize the retrieval outputs.

Our study also specifically highlighted limita-
tions in the traditional BM25 algorithm. Despite
its widespread use, BM25 was found to perform
poorly compared to state-of-the-art embedding
models, especially when not combined with ad-
vanced re-ranking techniques. This is particularly
evident in scenarios that are not heavily keyword-
focused, where the semantic richness of queries
and documents is poorly captured by the purely
lexical approach of BM25. The findings suggest
that unless the user’s dataset and queries are heavily
keyword-intensive, BM25 is unlikely to improve
retrieval performance significantly and might even
degrade it when combined with more sophisticated
models.

We carried out some experiments using HyDE
but the results were not promising (details are in
Appendix E). We saw minimal gains from con-
textual embeddings on the Help Articles dataset,
but could not test on other data-sets owing to the

lower chunk sizes in those. Our hypothesis still is
that contextual embeddings could add value where
chunking across long documents is needed.

In conclusion, our research highlights the critical
interplay between various retrieval and re-ranking
strategies in enhancing the performance of RAG
systems. The outlined strategic approach for con-
structing retrieval pipelines provides a structured
pathway for future implementations. Further in-
vestigations into contextual embeddings and their
application in handling extensive document sizes
remain a promising avenue for advancing the state-
of-the-art in retrieval technologies. This continual
evolution in retrieval methodologies is crucial for
leveraging the full capabilities of LLLMs in generat-
ing contextually relevant and accurate responses.

Limitations

Our evaluation encompassed four diverse datasets,
providing meaningful insights across different
retrieval scenarios, though additional domain-
specific applications could further validate our find-
ings. As with all research in this rapidly evolving
field, our results represent a snapshot of current ca-
pabilities, with the understanding that embedding
models and LLMs continue to advance.

While our computational approach allowed us
to evaluate several leading embedding models and
re-ranking techniques, we necessarily focused on
the most promising candidates rather than exhaus-
tively testing all available models. This strate-
gic approach enabled deeper analysis of high-
performing systems while acknowledging that spe-
cialized domain-specific embedding models might
offer advantages in certain contexts.

Our findings regarding BM25’s diminished util-
ity when combined with modern embedding mod-
els reflect patterns observed across our test datasets,
though specific use cases involving highly technical
or specialized vocabulary may still benefit from lex-
ical matching approaches. Similarly, while cross-
encoders did not improve performance in our ex-
periments, alternative implementations might yield
different results in specific contexts.

For LLM re-ranking, we primarily leveraged
GPT-4.1, which demonstrated impressive capabil-
ities. While resource considerations limited our
ability to test all available LLMs, the strong perfor-
mance of GPT-4.1 suggests promising directions
for future work.

Finally, our results point to LLM fine-tuning
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for re-ranking as a compelling research direction.
While implementation and testing of this approach
fell outside our current scope, the strong zero-shot
performance of LLMs suggests significant potential
for further performance gains through targeted fine-
tuning.
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A Appendix: LLM Reranking cost

This appendix contains the approximate cost of
LLM re-ranking with proprietary models, in or-
der to demonstrate its financial feasibility for cost-
effective LLMs. The costs in Table X correspond
to 1 query, with an LLM re-ranking 50 documents
of 512 tokens each (25,000 tokens in total approxi-
mately). The cost per token in the output is negli-
gible as it is just a list with 10 indices, so the cost
from the input tokens is what is measured. As per
the table’s creation date. The OpenAl’s pricing
page shows the following prices:

- gpt-4.1 nano: $0.10 per 1M input tokens
- gpt-4.1 mini: $0.40 per 1M input tokens
- gpt-4.1: $2 per 1M input tokens

LLM Cost per query
gpt-4.1-nano  $0.0025
gpt-4.1-mini ~ $0.01

gpt-4.1 $0.05

Table 5: LLM re-ranking cost. Price per query for
different OpenAl models, assuming 50 documents of
512 tokens.

With open-source LLMs, even fine-tuned for this
task, the cost of LLM re-ranking would just consist
on the infrastructure to host-them.
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Stella 1.5B BM25
Tokens per chunk Recall@50 Recall@10 Recall@50 Recall@10
512 81.9% 63.0% 53.9% 33.5%
1024 83.0% 65.7% 54.6% 34.5%
20438 84.9% 66.5% 54.3% 34.8%
4096 85.5% 67.5% 54.6% 35.2%

Table 6: Chunk size comparison on Help Articles. Recall@50 and @10 for 4 common chunk sizes with two of the

candidate retrieval models.

B Appendix: Meta-prompt

Meta-prompt

(@ D)

You are an expert in refining prompts for Large Language Models. Your task is to analyze a
failed reranking attempt and propose a better system prompt for the reranker LLM.

**Analysis of the Reranking Failure**
1. **Initial Reranking Prompt:**
{original, prompt}
2. **The User's Query:**
{query}

3. **The Retrieved Documents (Top 50):**

document. details]

4. **Ground Truth Relevant Documents:**
The following documents were the correct ones: {relevant_doc_ids]

5. **The LLM's Incorrect Reranked Order (Top 10 Document IDs):**
{reranked _doc _ids]

**Your Task**

Based on this failure, refine the **Initial Reranking Prompt**. Your new prompt should be
more robust and guide the LLM to perform better on similar cases.

Focus on what was missed. For example, did the LLM misunderstand the query's intent? Did
G it fail to see the connection between the query and the text of the relevant documents?

J

LLM Structured Response

failure_analysis: Analysis of the re-ranking failure
enhanced_prompt: The refined prompt for the re-ranker LLM

Figure 1: Meta prompt. Prompt used to refine the
system prompt to improve the performance of LLM
re-ranking. Asking the LLM to first provide a failure
analysis allows it to reason over how to improve the
system prompt, which is generated afterwards.

C Appendix: LLM Reranking ablation
study

Different LLM prompting techniques have been
explored in order to improve its performance, and
these results can be found in Table 7.

D Appendix: Finetuning embeddings

One of the strategies explored is to finetune the
embeddings with the objective to improve Recall
in our internal Dataset (Help Articles). Given that
we didn’t have enough samples to be considered
as training data we explore the use of techniques
described in (Wang et al., 2022) and (Wang et al.,
2024) to generate synthetic triplets. Two differ-
ent prompts have been explored for generation of
samples :

1. Given a specific document, generate a triplet
of (query, positive chunk, hard negative

chunk). GPT4.1 has been used following
a similar approach as the one described in
(Wang et al., 2024) to generate around S5k
samples. We fine-tuned a stella 400M(Zhang
et al., 2025a) using the library sentence trans-
formers (Thakur et al., 2021a) for 1 epoch
with a learning rate of 6.25e-6, batch size of
8, linear warmup of 500 steps and Triplet-
Loss(Hermans et al., 2017). An example of
the prompt and the response can be seen on
Figures 2 and 3

2. Given a document generate a set of questions
for that document. Qwen2.5-7B-Instruct-1M
(Yang et al., 2025) (Team, 2025) has been used
to generate 55,257 pairs (query,document).
We fine-tuned a stella 400M (Zhang et al.,
2025a) using the library sentence transform-
ers for 1 epoch with a learning rate of 6.25¢e-6,
batch size of 8, linear warmup of 500 steps
and MultipleNegativesRankingl.oss (Hender-
son et al., 2017). An example of the prompt
can be seen on Figure 4

In addition, we explored fine-tuning a finBERT
model (Araci, 2019) using GPL (Wang et al., 2022)
but, as we will describe later, the results were un-
derperforming compared to Stella and other SOTA
models.

As presented in Table 8, the stella 400M model
demonstrates strong performance on Help Articles
achieving high recall@50. A larger chunksize of
2048 generally proves beneficial for stella models.

While the base stella 400M model already ex-
hibits robust performance, finetuning with Qwen
(Yang et al., 2025) (Team, 2025) questions further
enhances recall metrics, positioning it as a particu-
larly effective choice for article retrieval.

In contrast, finBERT models, even with effec-
tive finetuning such as Generative Pseudo-Labeling
(Wang et al., 2022), perform substantially poorer
across all evaluated metrics compared to the stella
variants. This performance disparity underscores a
fundamental difference in their suitability for this
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FIQA SciDocs

Model Recall@50 Recall@10 Recall@50 Recall@10
Champion (gemini_large_03_07 + Stella 1.5B) 84.3% 66.7 % 47.3% 27.5%
Champion + LLM Reranking GPT 4.1 84.3% 63.5% 47.3% 26.5%
Champion + LLM Reranking GPT 4.1 mini 84.3% 63.1% 47.3% 24.9%
Champion + One-shot LLM Reranking GPT 4.1 84.3% 63.3% 47.3% 27.4%
Champion + One-shot + Meta-prompting GPT 4.1 84.3% 64.8% 47.3% 28.4%

Table 7: LLM Re-ranking ablation study. Champion model is the combination of gemini_large_03_07 and Stella
1.5B through RRF. One-shot corresponds to the hardest example found in the train-set. Meta-prompting references
the use of an enhanced prompt found through meta-prompting

Model chunk_size  ndcg@5 ndcg@10  recall@10 recall@50
stella 400M finetuned on Qwen questions 2048 46.1% 51.2% 63.1% 85.3%
stella 400M 2048 48.2% 52.4% 63.3% 83.5%
stella 400M finetuned on Qwen questions 512 41.9% 47.6% 59.0% 82.8%
stella 400M finetuned GPT triplets 2048 45.3% 49.9% 58.1% 80.1%
stella_400M 512 43.7% 49.0% 59.3% 79.7%
stella 400M finetuned GPT triplets 512 42.3% 48.0% 55.8% 76.2%
finBERT GPL 512 20.9% 25.0% 34.7% 62.5%
finBERT 512 9.8% 12.5% 15.4% 36.8%

Table 8: Retrieval metrics on Help Articles dataset for finetuned models

Prompt

(@ )

LLM Structured Response

Your mission is to write one text retrieval example for this task in JSON format. The JSON
object must contain the following

keys:

- "user_query": a string, a random user search query specified by the retrieval task.

- "positive_document": a string, a relevant document for the user query.

relevant to the query.

Please adhere to the following guidelines:

- The "user_query" should be {query. type}, {query_length}, {clarity}, and diverse in topic.

- All documents should be at least {num_words} words long and based on the document
provided later.

- The "hard_negative_document” contains some useful information, but it should be less
useful or comprehensive compared

to the "positive_document"”.

- Both the query and documents should be in {language}.

- Do not provide any explanation in any document on why it is relevant or not relevant to
the query.

- Both the query and require {diffi level ion to

- Both positive_document and hard_negative_document should be based on the following
document:

<Istartoftext|>

{document_text}

<|endoftext|>

In case you want to get inspiration you can check the following user queries:
<Istartoftext|>

{user_gueries}.

<lendoftext|>

Your output must always be a JSON object only, do not explain yourself or output anything

G else. Be creative!
J

Figure 2: Description of the prompt for triplet genera-
tion, the different variables follow the same values as
(Wang et al., 2024)

document text is the document we want to obtain
the triplet for and user queries is a set of queries
that are extracted from our internal database

specific information retrieval task.

For the triplet generation strategy, results were
underperforming compared to vanilla stella 400M,
we think that hard negative selection should be
improved, for instance by, not choosing the hard
negative from the same document as the positive
pair.

Fine-tuning embeddings shows that improving
over the baseline model could be done by generat-
ing synthetic samples over a custom dataset. Im-

{"user_query": "How to manage asset acquisitions and dispositions in UltraTax CS organizer?",
"positive_document": "In UltraTax CS, you can manage asset acquisitions and dispositions for
each business activity through the client organizer Asset tab. The Asset List and Asset Acquisitions
forms are printed by default for activities with assets. Clients can indicate sold assets and their
sales price on the Asset List. Additional information regarding the disposal, such as installment
sales or trades, can be noted in the comment line. The Asset Acquisitions form is used to report
assets acquired during the tax year. To include the Asset Report in the organizer package, adjust the
print collation settings. If you prefer entering summary asset information, the Asset tab will not
appear. For detailed asset information, enable the Enter asset detail information checkbox in the
client properties. Ensure the Asset List is not excluded in the Return Collation dialog to include
Asset pages in the email or web client organizer.",

"hard_negative_document": "UltraTax CS provides a comprehensive platform for managing client
taxil ion, including asset While the Asset tab is crucial for entering detailed
asset information, it is not available if you choose to enter summary asset information. The Asset
Listand Asset forms are ial for reporting asset and clients can
provide additional details about disposals. The Asset Report can be included in the organizer
package by modifying print settings. If the email or web organizer does not show assets, verify the
Asset List's inclusion in the Return Collation dialog. For detailed asset entry, ensure the Enter asset
detail information checkbox is marked in the client properties."

Figure 3: Example of response for the triplet generator

Prompt

You are a tax expert in charge of a set of products.

Your job is to generate 1 or 2 questions separated by <question> (only the question surrounded
by <question> not boilerplate text) that can be answered by the document proposed. Or final
objective is to improve the recall of a search system.

Document:{doc}
Queries sorrounded by <question>:

Figure 4: Description of the prompt for query generation

proving small languages models could be interest-
ing in setups where the amount of documents to
index makes it prohibitively costly to execute big-
ger models such as stella 1.5B or some proprietary
models.

E Appendix: HyDE

We evaluated the HyDE approach on a subset of
Help Articles (300 queries). The hypothetical doc-
uments for the queries were generated using gpt-
40. The embeddings of the dataset, queries and
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FIQA SciDocs Help Articles HotpotQA
Model Recall@50  Recall@10 Recall@50  Recall@10 Recall@50  Recall@10 Recall@50  Recall@10
Champion (gemini_large_03_07) 81.8% 65.7% 45.5% 27.1% 88.0% 69.4% 97.8% 94.6%
Champion + Stella 1.5B 84.5% 66.8% 47.8% 27.8% 88.0% 71.8% 97.6% 93.7%
Champion + text-embedding-3-large 81.7% 66.6% 45.0% 27.1% 88.4% 71.0% 97.3% 92.8%
Champion + gte-Qwen2-1.5B 84.1% 65.2% 46.5% 27.4% 88.8% 71.6% 96.4% 91.6%

Table 9: Embedding concatenation results. Recall after combining the retrieval results from the champion model
(gemini_large_03_07) in Table 2 with the rest of the candidates.

FIQA SciDocs Help Articles HotpotQA
Model nDCG@50 nDCG@10 nDCG@50 nDCG@10 nDCG@50 nDCG@10 nDCG@50 nDCG@10
Champion model (gemini_large_03_07) 61.7% 56.9% 32.5% 25.6% 62.94% 58.21% 91.5% 90.6 %
Champion model + stella 1.5B 64.5% 59.3% 33.7% 26.2% 64.60 % 60.62% 90.8% 89.7%
Champion model+ text-embedding-3-large 63.1% 58.6% 32.3% 25.6% 64.36% 60.25% 89.8% 88.6%
Champion + gte-Qwen2-1.5B 63.6% 57.9% 32.9% 25.7% 64.85% 60.81% 89.0% 87.6%

Table 10: Embedding concatenation results. nDCG after combining the retrieval results from the champion model
(gemini_large_03_07) in Table 2 with the rest of the candidates.

the hypothetical documents were all generated us-
ing text-embedding-ada-002. We considered text-
embedding-ada-002 as the baseline in this exper-
iment, i.e., the query embeddings were used to
obtain the 50 most relevant documents from the
dataset. In the HyDE approach, the embeddings of
the hypothetical documents were used to obtain the
50 most relevant documents from the dataset. We
find that the Recall@10 of the baseline is 66.4%
while that of HyDE is 62.8%, significantly degrad-
ing the performance over the baseline. The Re-
call@50 of the baseline is 82.8% while that of
HyDE is 82.4%.

F Appendix: Embedding Concatenation
Results

We investigated embedding concatenation as a
lightweight alternative to Reciprocal Rank Fusion
(RRF) for combining signals from multiple dense
retrievers. All embeddings were normalized to
unit length and concatenated pairwise between the
champion model (gemini_large_03_07) and each
of the remaining three dense models.

As shown in Tables 9 and 10, the performance
of embedding concatenation is nearly identical
to that of RRF across both Recall@50/10 and
nDCG@50/10 metrics on all four datasets (FIQA,
SciDocs, Help Articles, HotpotQA). Differences
are within 0.3 percentage points, indicating no
statistically or practically significant advantage of
one method over the other.

This equivalence supports our recommendation
to treat RRF and embedding concatenation as
equally viable fusion strategies. However, all down-
stream re-ranking results (cross-encoder and LLM-
based) are reported using RRF only, to maintain
consistency in the evaluation pipeline and simplify

deployment.

We therefore conclude that either method can be
used interchangeably in production RAG systems,
with the final choice guided by engineering con-
straints (e.g., index size for concatenation vs. rank
aggregation logic for RRF).

G Appendix: nDCG Results for
Reference

This appendix reports nDCG@50 and nDCG@10
for all experiments in Tables 2, 3, and 4, included
for reference only to support the information re-
trieval (IR) community. While our primary evalu-
ation uses Recall (Section 5.1), nDCG provides a
complementary view of ranking quality by assign-
ing higher weights to relevant documents placed
earlier in the list. Notably, the top-performing mod-
els and fusion strategies are nearly identical under
both Recall and nDCG. Results can be found in
Tables 11, 12 and 13
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Model FIQA SciDocs Help Articles HotpotQA
NDCG@50 NDCG@10 NDCG@50 NDCG@10 NDCG@50 NDCG@10 NDCG@50 NDCG@10

gemini_large_03_07 61.7% 56.9% 32.5% 25.6% 62.9% 58.2% 91.5% 90.6 %
stella 1.5B 61.2% 55.6% 32.5% 25.1% 62.5% 58.2% 87.6% 85.9%
text-embedding-3-large 59.7% 55.1% 29.8% 23.4% 61.2% 56.8% 85.3% 83.4%
gte-Qwen2-1.5B 59.3% 53.9% 30.4% 23.3% 56.7% 51.6% 83.8% 81.8%
bm25 22.7% 18.8% 15.2% 11.8% 32.1% 27.0% 57.9% 55.4%

Table 11: NDCG metrics (NDCG@50 and NDCG @ 10) for different models across FIQA, SciDocs, Help Articles,
and HotpotQA datasets. The model chunk size is 2048 in each case.

FIQA SciDocs Help Articles HotpotQA
Model NDCG@50 NDCG@10 NDCG@50 NDCG@10 NDCG@50 NDCG@10 NDCG@50 NDCG@10
Champion (gemini_large_03_07) 61.7% 56.9% 32.5% 25.6% 62.9% 58.2% 91.5% 90.6%
Champion + stella 1.5B 64.1% 58.9% 33.4% 25.9% 64.3% 60.4% 90.4% 89.2%
Champion + text-embedding-3-large 62.9% 58.2% 32.3% 25.3% 63.0% 59.2% 89.5% 88.1%
Champion + gte-Qwen2-1.5B 63.5% 57.9% 32.7% 25.5% 62.9% 58.7% 88.6% 86.8%
Champion + bm25 46.6% 39.1% 27.0% 19.5% 63.9% 60.2% 83.4% 81.0%

Table 12: Reciprocal Rank Fusion results. NDCG after combining the retrieval results from the champion model
(gemini_large_03_07) in Table 11 with the rest of the candidates.

FIQA SciDocs Help Articles HotpotQA
Model NDCG@50 NDCG@10 NDCG@50 NDCG@10 NDCG@50 NDCG@10 NDCG@50 NDCG@10
Champion 64.1% 58.9% 33.4% 25.9% 63.0% 59.2% 91.6% 90.6%
Champion + Cross Encoder 58.2% 51.5% 30.3% 21.3% 61.1% 55.9% 91.7% 90.7%
Champion + LLM Reranking ~ 63.9%=+0.1 57.8%+0.2 327%+02  24.0%40.2 65.3%+0.0  61.2%+0.0 94.0%4+0.0  93.6%40.0
Champion + SlideGAR 62.8%+02  57.1%+0.2 333%+00  25.6%+0.1 62.6%+0.0  58.9%=+0.0 94.2% 93.7%
bm?25 22.7% 18.8% 15.2% 11.8% 32.1% 27.0% 57.9% 55.4%
BM25+ Cross Encoder 33.3% 31.8% 15.5% 11.9% 50.3% 47.1% 69.1% 68.6%
BM25+ GPT 4.1 22.7% 18.8% 19.2% 16.4% 51.7% 48.5% 57.9% 55.4%

Table 13: Re-ranking results. Different re-ranking methods applied to the best approach from Table 3 for each
dataset. For FIQA and SciDocs it is gemini_large_03_07 + stella 1.5B, for Help Articles gemini_large_03_07 +
stella 1.5B, and for HotpotQA gemini_large_03_07.
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Abstract

Despite significant progress in intent classifica-
tion, most task-oriented dialogue systems con-
tinue to assign intents rigidly, failing to account
for ambiguity in user utterances. This often
results in misrouting, irrelevant responses, and
poor user experience. While proprietary large
language models (LLMs) can generate high-
quality clarifying questions to resolve such am-
biguity, their inference cost makes them imprac-
tical for large-scale production use. In contrast,
smaller open-source LLMs are cost-effective
but typically lack the capability to ask contex-
tually appropriate clarifying questions. This pa-
per presents a domain-agnostic framework that
enables lightweight, production-ready open-
source LLMs to jointly perform intent classi-
fication and ambiguity resolution through tar-
geted clarifying questions. We validate our
framework on both proprietary and public in-
tent classification datasets, demonstrating its
ability to perform intent classification as well
as generate clarification questions in case of am-
biguity. To support fair comparison against ex-
ternal baselines, we further introduce an evalua-
tion methodology that measures not only intent
accuracy but also the timing and quality of clar-
ifying questions. Our instruction-tuned mod-
els achieve performance comparable to leading
proprietary LLMs while offering an 8x reduc-
tion in inference cost, enabling broader, cost-
efficient deployment. When deployed in the
customer-care system of an e-commerce enter-
prise, our model reduced the misrouting rate
by 8%, resulting in a significant improvement
in automation rates, which potentially trans-
lates in dollar savings by reducing escalations
to human agents.

1 Introduction

In conversational Al, Intent Classification (IC) is
a critical first step that drives a system’s ability to
choose appropriate actions and generate relevant
responses (Chen et al., 2019; Nandi et al., 2024; Xu
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et al., 2020; Agrawal et al., 2023). High IC accu-
racy is essential for effective user experiences, yet
ambiguity, incompleteness, and noise in user utter-
ances make intent understanding challenging. For-
tunately, conversational systems naturally support
disambiguation through clarifying questions (CQs)
(Purver et al., 2003; Alfieri et al., 2022). Well-
timed, well-formulated CQs enable systems to re-
solve ambiguity, accelerate task completion, and
improve user satisfaction (van Zeelt et al., 2020;
Siro et al., 2022).

Although clarification has been explored exten-
sively in information retrieval (Zamani et al., 2020),
search (Tavakoli, 2020; Aliannejadi et al., 2021;
Keyvan and Huang, 2022), and code generation
(Mu et al., 2023), it remains under-explored in task-
oriented dialogue systems. Early work by Dhole,
2020 used rule-based or template-based CQ gener-
ation, which limited flexibility and generalization.
More recently, Hengst et al., 2024 used conformal
prediction to identify when to ask CQs and relied
on proprietary LLMs to generate them. While ef-
fective at detecting ambiguity, their work neither
evaluates the quality of the generated clarifications
nor extends to multi-turn interactions.

Using proprietary LLMs for clarification is
expensive in high-volume applications, whereas
smaller open-source LLMs underperform without
targeted training (Section 5). To bridge this gap,
smaller models must be equipped to detect ambigu-
ity and generate appropriate CQs. However, collect-
ing high-quality training data, particularly conver-
sations that start ambiguously and resolve clearly,
is difficult. To overcome this, we develop a frame-
work that generates such conversations syntheti-
cally and uses them to instruction tune lightweight
open-source LLMs.

While using LLMs to generate clarification ques-
tions in task-oriented dialogue is intuitive, there is
limited research on how to evaluate models for this
capability. The LLM-as-a-Judge paradigm (Zheng
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et al., 2023; Gu et al., 2024) provides a starting
point, but evaluation criteria remain underdefined.
We address this gap by introducing explicit turn-
level and conversation-level metrics and combining
them into a comprehensive evaluation score suited
for classification-with-clarification task.

LLM-driven clarification has been explored in
other domains. For instance, Kuhn et al., 2022
show that prompting proprietary LLMs to ask clar-
ifying questions improves open-domain question
answering. They also propose methods for gen-
erating ambiguous queries and evaluating LLMs
via simulated dialogues. Our work draws inspira-
tion from this evaluation framework for both data
generation and evaluation. Crucially, we diverge in
our method of generating ambiguous queries, given
the distinct nature of classification tasks, and take
an additional step by synthesizing entire conversa-
tions. These conversations are then used in instruc-
tion tuning smaller open-source LLMs, making our
solution viable for production environments.

Another relevant line of work is Action-Based
Contrastive Self-Training (Chen et al., 2024),
which teaches small LLMs to ask clarification
questions using existing user—bot conversations
as supervision. Their method assumes access to
large volumes of conversational data for generating
preference pairs and evaluates primarily on ques-
tion answering and text-to-SQL tasks. In contrast,
our approach is designed for real-world scenarios
where such data is sparse. Moreover, their evalu-
ation focuses mainly on final-answer correctness,
whereas in production systems, unnecessary, poorly
phrased, or excessive clarifications negatively im-
pact user experience, increase latency, and raise
operational costs, motivating the fine-grained eval-
uation metrics introduced in our work.

2 Methodology

We propose a framework that enables lightweight
open-source LL.Ms to perform classification with
clarification for any given domain. Once a domain
provides intent-tagged data, the framework consists
of three stages:

» Synthetic Conversation Generation
 Lightweight LLM Instruction-Tuning
* Comprehensive Evaluation

A diagram of the framework is shown in Figure 1.

2.1 Synthetic Conversation Generation

Domains typically have an abundance of intent-
tagged unambiguous user queries, but ambiguous
queries and multi-turn conversations are difficult
and expensive to collect. Deploying a high-capacity
LLM to gather such data from real users is slow,
costly, and requires prolonged production deploy-
ment. Instead, we generate synthetic conversations
offline using high-capacity LLMs. We first cre-
ate diverse ambiguous queries from existing un-
ambiguous samples and then simulate multi-turn
interactions between two LLMs, one acting as the
assistant and one as the user. These synthetic con-
versations form the training corpus for instruction
tuning smaller open-source LLMs, making the ap-
proach practical and cost-effective.

2.1.1 Generating ambiguous queries

Ambiguity is task-dependent (Zhang et al., 2024).
We define an ambiguous query as one that plau-
sibly corresponds to two or more domain intents.

Other forms of underspecification irrelevant to in-

tent classification, e.g., unclear referents in “Book

a restaurant for them” are not treated as ambiguity.

We generate ambiguous—unambiguous query pairs
using two methods:

* A high-capacity LLM edits each unambiguous
query to add or remove information, verifies the
resulting query is ambiguous, and identifies pos-
sible intents. Only confirmed ambiguous queries
are kept. (Appendix Figure 3).

* For each intent pair, a high-capacity LLM gener-
ates a query that fits either intent and produces
two corresponding unambiguous versions, one
per intent.

2.1.2 Conversation Simulation

Ambiguous queries are then used to simulate realis-
tic multi-turn conversations. A high-capacity LLM
plays the assistant, performing intent classification
and asking clarifying questions when needed. A
second high-capacity LLM simulates the user.

We assume that users who initiate interactions
with ambiguous queries still have a clear underly-
ing intent. Thus, the user-simulating LLM receives
both the ambiguous query and its corresponding un-
ambiguous version and must respond consistently
with the unambiguous intent. This interaction pro-
cess, illustrated in Figure 2, yields coherent con-
versation trajectories. Prompts for the assistant and
user LLMs appear in Appendix Figures 4 and 5,
respectively. We use few-shot prompting (Brown
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Figure 1: Overall framework where high-capacity LLMs generate and evaluate synthetic clarification dialogues, which are then
used to instruction-tune low-capacity open-source LLMs for cost-efficient intent classification with clarification.

et al., 2020) for both.

The generated conversations are not used di-
rectly for model fine-tuning. They are first pro-
cessed by the evaluation pipeline described in Sec-
tion 2.3, and only high-scoring conversations
are selected for instruction tuning the lightweight
LLMs.

Prompt for user
behavior simulation
+

AmbiguofsQuery Prompt for assistant

|

191

Unambiguous Query

|
191

Ambiguous Query

Clarifying Question

O O  clarification O Y
O HC o) Clarifying Question O+ HC o)
[P
User Simulating  Clarification Assistant

LLM Simulating LLM

)
Predicted Intent

Figure 2: Conversation Generation - Simulating multi-turn
dialogue between a user and an assistant, where the assistant
LLM resolves an ambiguous query through iterative clarify-
ing questions before predicting the final intent, while the user
LLM starts with an ambiguous query and gradually reveals in-
formation grounded in the corresponding unambiguous query

2.2 Lightweight LLLM Instruction-Tuning

To enable smaller production-ready open-source
LLMs to perform intent classification with clar-
ification, we apply supervised instruction-tuning
(Wei et al., 2021). This adapts a general-purpose
LLM to the task of detecting ambiguous intents and
generating appropriate clarifying questions. The

conversational data generated earlier is converted
into structured input-output pairs as shown in Ap-
pendix section C. We use standard supervised fine-
tuning, treating the task as sequence-to-sequence
generation and optimizing with cross-entropy loss
(De Boer et al., 2005).

2.2.1 Handling Out-of-Domain Queries:
Label-Dropout OOD Training

Handling out-of-domain queries is essential in real-
world intent classification, where users may ex-
press valid unambiguous intents not covered by the
predefined intent set. Since this space is vast and
difficult to sample, we introduce a label-dropout
out-of-domain (OOD) training strategy. Inspired
by the class-dropout method of Sainz et al., 2023,
we intentionally omit the correct ground-truth la-
bel for a subset of unambiguous training exam-
ples during instruction-tuning and relabel these as
“out-of-domain.” This trains the model to predict
OOD when an utterance is clear but its true intent
is absent from the candidate classes. An additional
benefit is improved safety: the model classifies
harmful queries (e.g., “how to make a bomb”) as
OOD rather than attempting to generate harmful
content.

2.3 Comprehensive Evaluation

All models, instruction-tuned using our frame-
work, as well as external baselines, are bench-
marked using a dedicated test set. Unambiguous
intent-tagged test queries are obtained by splitting
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Dataset | Intents | Examples of Intents

Unambiguous train/val/test | Ambiguous train/val/test

Proprietary | 14 + 1 (OOD) | auto care service, online pickup and delivery, item availability | 1000/ 150 /250

1100/ 115 /300

|
SNIPS \ 7 \ SearchCreativeWork, GetWeather, BookRestaurant \ 13084 (1400) / 700 / 700 \ 1000/ 500 / 500
ATIS | 17 | Flight Info, Airport Info, Airline Info | 4478 (1700) /500 / 893 | 900/400 /400
Table 1: Dataset Characteristics
the domain-provided data, while ambiguous test ~ where:
queries are generated using the method described N
. . . . 1
in Section 2.1.1. Conversations between the simu- A=< D arsi,
lated user and the tuned assistant are then produced = s
. . . 1 =

following Section 2.1.2. These conversations are R=—— > (ricirai fipi),

evaluated turn-by-turn, focusing on both final ac-
curacy and intermediate response quality. While
many tasks evaluate only the final predicted intent,
our setting also requires assessing how the model
reaches it, namely, the number of turns and the
quality of clarifications. We adopt the LL.M-as-a-
Judge paradigm (Gu et al., 2024) for evaluation. A
suitable metric must capture the following:

1. Intent Prediction:
* Was the correct intent predicted within the
allowed number of turns?
2. Ambiguity Detection:
* Did the model predict intent when enough
information was available?
* Did it ask clarifying questions when needed?
3. Response Quality:
* Relevance, Conciseness, Repetition Avoid-
ance, Factuality, Politeness

Ambiguity detection is quantified using the Turn
Level Ambiguity Resolution Score (ars;), which
measures the assistant’s correctness in determining
whether enough information is available at each
turn to make a final prediction. More details ap-
pear in Appendix section D. Different possible cat-
egories for each of the response quality metrics
along with their associated scores (0/0.5/1) can be
found in Appendix section E. All metrics are com-
bined into the Strategic Dialogue Response Score
(SDRS):

0 wrong intent or max turns reached
SDRS = ¢ A single-turn conversation
a-A+ (1 —a)R multi-turn conversation

i=1
ars; = Turn-level Ambiguity Resolution Score
r; = Relevance ¢; = Conciseness
ra; = Repetition Avoidance f; = Factuality
pi; = Politeness N = Number of turns
A = Conversation-level Ambiguity Resolution Score
R = Conversation-level Response Quality
a = Weight on A(0.5).

Conversation-level response quality is averaged
over N — 1 turns, since the final turn is the intent
prediction and not evaluated. The maximum turn
limit is 5.

3 Experimental Setup

This section outlines our experimental setup, in-
cluding the selection and training of lightweight
open-source LLMs, dataset characteristics, am-
biguous query generation, the high-capacity LLMs
used for conversation synthesis, and the evaluation
methodology.

3.1 LLM Selection for Instruction-Tuning

We evaluate lightweight open-source LLMs such
as Llama-3.1-8B Instruct (Grattafiori et al., 2024),
Llama-3.2-3B Instruct and Qwen-2.5-7B Instruct
(Bai et al., 2023) as base models, chosen for their
balance of performance and inference efficiency,
making them suitable for high-volume production
deployment. Their results appear in Section 5. All
models are instruction-tuned using the method de-
scribed in Section 2.2. Fine-tuning is performed us-
ing Low-Rank Adaptation (LoRA) (Hu et al., 2021)
implemented in PyTorch. Details of hyperparame-
ters selected can be found in Appendix section B.
All instruction-tuning experiments were conducted
on a single NVIDIA A100 80GB GPU.

3.2 LLM Selection for Data Generation and
Evaluation

We use high-capacity LLMs for ambiguous query
creation, conversation synthesis, and evaluation:
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Dataset Assistant Model IC Acc% SDRS ARS Rel Con RA Fac Pol
CTRAN (Non-LLM SOTA) 99.42 - - - - - - -
Transformer based model (formerly deployed) 98.68 - - - - - - -
SNIPS Llama-3.1-8B (base) 88 0.51 0.52 089 095 096 096 0.96
Llama-3.1-70B 8-bit quant (base) 90 0.72 0.70 0.88 091 092 094 096
Qwen2.5-7B (base) 90 0.63 0.71 092 094 094 1.0 1.0
GPT 40 98.5 0.81 0.86 087 0.87 0.87 1.0 1.0
Gemini 2.0 Flash Lite 95.5 0.76 0.83 084 085 0.87 092 094
Gemini 2.5 Flash Lite 97.8 0.80 0.84 088 085 085 096 0.96
Instruction-tuned Llama-3.2-3B (ours) 96.4 0.74 0.72 0.86 091 0.9 0.9 0.91
Instruction-tuned Llama-3.1-8B (ours, deployed) 97.6 0.79 0.8 1.0 1.0 1.0 1.0 1.0
Instruction-tuned Qwen-2.5-7B (ours) 97.6 0.8 0.83 1.0 1.0 1.0 1.0 1.0
CTRAN (Non-LLM) 98.07 - - - - - - -
CoBiC (Non-LLM SOTA) 99.43 - - - - - - -
ATIS Transformer based model (formerly deployed) 97.44 - - - - - - -
Llama-3.1-8B (base) 84 0.72 0.74 0.91 092 087 0.89 0.83
Llama-3.1-70B 8-bit quant (base) 86 0.76 0.78 0.91 092 089 089 0.86
Qwen-2.5-7B (base) 84 0.75 0.76 0.91 092 088 0.89 0.85
GPT 40 98.5 0.91 0.85 092 094 092 092 0.92
Gemini 2.0 Flash Lite 98 0.89 0.82 0.8 086 092 091 0.90
Gemini 2.5 Flash Lite 98.8 0.91 0.86 086 088 094 090 0.92
Instruction-tuned Llama-3.2-3B (ours) 96.5 0.89 0.86 0.80 0.86 0.90 0.88 0.90
Instruction-tuned Llama-3.1-8B (ours, deployed) 98 0.90 0.88 0.85 0.90 0.90 0.92 0.92
Instruction-tuned Qwen-2.5-7B (ours) 98 0.89 0.89 0.84 088 091 093 092
Transformer based model (formerly deployed) 97.3 - - - - - - -
Llama-3.1-8B (base) 91 0.81 0.81 0.67 0.88 0.8 0.9 0.9
Proprietary Llama-3.1-70B 8-bit quant (base) 93 0.84 0.88 085 092 094 092 092
Qwen-2.5-7B (base) 92 0.83 0.85 0.77 088 0.8 092 092
GPT 4o 99.1 0.94 0.87 088 09 096 098 0.98
Gemini 2.0 Flash Lite 97.5 0.92 0.84 085 096 094 094 092
Gemini 2.5 Flash Lite 98.2 0.94 0.85 087 096 095 096 0.96
Instruction-tuned Llama-3.2-3B (ours) 97.2 0.91 0.82 0.82 0.9 0.9 0.92 0.92
Instruction-tuned Llama-3.1-8B (ours, deployed) 99.1 0.94 0.86 087 096 098 096 098
Instruction-tuned Qwen-2.5-7B (ours) 98.8 0.93 0.87 0.87 0.95 0.98 0.97 0.96

Table 2: Comparison of small LLMs instruction-tuned using our framework against SOTA baselines. IC Acc denotes intent-
classification accuracy on unambiguous queries. SDRS, ARS, Rel, Con, RA, Fac, and Pol refer to mean SDRS, mean ARS, and
mean relevance, conciseness, repetition avoidance, factuality, and politeness scores across all assistant responses in the test set.
Although the base Qwen-2.5-7B model reported stronger raw scores, the instruction-tuned Llama-3.1-8B and Qwen-2.5-7B
performed similarly overall. We selected Llama for deployment due to proprietary and integration considerations.

* Ambiguous Query Generation: Llama-3.1-
70B Instruct (8-bit quantized).

* Conversation Generation for instruct tuning:
Llama-3.1-70B Instruct (assistant) and GPT-40
(Hurst et al., 2024) (user).

* LLM-as-a-Judge: GPT-40 for evaluating assis-
tant responses with prompts detailed in Figures 6
and 7.

Our framework remains LLM-agnostic, allowing

users to substitute any preferred LLM at each stage.

4 Dataset

To demonstrate the domain-agnostic nature of
our framework, we benchmark instruction-tuned
lightweight open-source LLMs against popular
SOTA LLMs on both proprietary and public intent-
classification datasets. For each open-source
dataset, we use the standard train/validation/test
splits for unambiguous queries, generate corre-
sponding ambiguous queries, and evaluate on

the combined test sets. Table 1 summarizes the
datasets: SNIPS (Coucke et al., 2018), contain-
ing general voice-assistant commands, and ATIS
(Hemphill et al., 1990), focused on airline travel.
Although both have large training sets, we use
only 1400 (SNIPS) and 1700 (ATIS) examples for
instruction-tuning, as adding more provides mini-
mal benefit. Our proprietary dataset comes from
an e-commerce customer-care domain and unlike
SNIPS and ATIS, includes a dedicated OOD class
with 50 utterances unrelated to e-commerce (e.g.,
“book plane tickets” “apply for a passport™), used
only for testing. To improve OOD handling, we
generate 200 additional training examples using
the label-dropout OOD method (Section 2.2.1) and
instruction tune the model on this expanded dataset.

5 Results

We compare several low-capacity LLMs
instruction-tuned using our framework against
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Output cost

Input cost ($/M
Model ‘ tokens) ($/M tokens) Cost/ query ($) Monthly Cost ($) Latency (s)
GPT 40 2.5 0.00675 874.8K 24-26
Gemini 2.5 Flash-Lite 0.10 0.00027 35K 0.5-0.7
Gemini 2.0 Flash-Lite 0.075 0.00020 26.2K 0.6-0.8
Ours (instruction-tuned 8B LLM) - - 3.2K 09-1.2

Table 3: Realtime Inference Cost comparison. For our instruction-tuned open-source model, the cost involves running an A100
80GB GPU 24x7 to serve user requests at a throughput of 50 QPS.

strong baselines to assess ambiguity handling and
cost efficiency. Baselines include:

* Non-LLM SOTA intent classifiers such as
CTRAN (Rafiepour and Sartakhti, 2023),
CoBiC (Kane et al., 2021) and our prior
transformer-based model.

* Non-finetuned open-source LLMs (e.g.,
Llama-3.1-8B, Llama-3.1-70B, Qwen-2.5-
7B) prompted for clarification.

* Proprietary LLMs such as GPT-40 and Gem-
ini 2.0/2.5 Flash-Lite (Comanici et al., 2025).

We evaluate all systems using the Mean Strategic

Dialogue Response Score (SDRS), the Mean Am-
biguity Resolution Score (ARS), and mean scores
for clarification-quality metrics. As shown in Ta-
ble 2, instruction-tuned models match leading pro-
prietary LLMs across most metrics, while some
large non-tuned LLMs (e.g., Llama-70B) perform
significantly worse, highlighting the benefit of our
synthesized training conversations (Appendix A).
Our models also perform comparably to non-LLM
SOTA methods (CTRAN, CoBiC) on unambigu-
ous intent prediction. Table 2 excludes OOD cases.
Appendix F reports OOD results using prompts
with an added OOD class. Models trained with our
label-dropout OOD method (Section 2.2.1) show
substantial OOD accuracy gains.

6 Realtime Inference Cost Analysis

To deploy open-source LLMs efficiently, we use
TensorRT-LLM with the Triton inference server
(Tillet et al., 2019). Our instruction-tuned mod-
els (3B-8B parameters) fit comfortably on a sin-
gle NVIDIA A100 80GB GPU, achieving 50-75
QPS with sub-1-second latency. This makes them
far more economical than proprietary alternatives.
For example, Gemini 2.0 Flash-Lite, the least ex-
pensive proprietary LLM, costs over 8x more for
comparable performance. A detailed monthly cost
comparison at 50 QPS is provided in Table 3.

7 Deployment and Business Impact

We deployed our instruction-tuned 8B parameter
LLM in the customer-care automation system of an

e-commerce enterprise. In production, users pro-
ceed through a multi-step automated flow. At each
step the system prompts the user, predicts an in-
tent (with possible clarifying turns), and routes the
user forward. Thus, clarifications directly impact
routing accuracy and task-completion efficiency.

An A/B experiment comparing our tuned model
against the existing transformer-based classifier
shows that classification with clarification reduces
the misrouting rate by 8%, enabled by the model’s
ability to solicit targeted clarifications before final-
izing a routing decision. We also see a significant
improvement in the automation rate, the fraction
of queries resolved without human intervention,
potentially translating to millions of dollars in an-
nual savings by reducing human-agent contacts,
which surpasses the additional GPU cost, which is
minimal relative to the operational gains.

Clarifications and the increased model size in-
troduced an increase in per-step latency. However,
the overall end-to-end resolution time decreased by
19% due to fewer mispredictions and a reduction
in downstream corrective steps. User-satisfaction
metrics are not directly monitored; however, op-
erational indicators suggest a more accurate and
efficient automated experience.

8 Conclusion

In this work, we have introduced a frame-
work that enables low-capacity LLMs to achieve
classification-with-clarification performance com-
parable to high-capacity proprietary LLMs. A
key contribution lies in our training strategy,
which uses high-capacity LLMs to generate syn-
thetic multi-turn conversational data from standard
intent-tagged domain datasets, enabling efficient
instruction-tuning of smaller models. We also pro-
pose a rigorous evaluation protocol that bench-
marks our instruction-tuned models against state-
of-the-art LLMs. Our results show that these mod-
els deliver strong performance while being over
8x more cost-efficient than even the most afford-
able proprietary alternatives. Furthermore, when
deployed in a real-world customer-care system, our
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model significantly increased automation rate and
reduced operational costs, demonstrating its practi-
cal value in production environments.

9 Limitations

While the framework delivers strong performance
and notable cost-efficiency, a few practical con-
siderations remain. Data generation with high-
capacity LLMs is a one-time offline step that amor-
tizes well but still requires short-term access to
stronger models, which may not be feasible for
all practitioners. Our approach assumes the avail-
ability of domain-specific intent-tagged data and
may benefit from light curation or semi-supervised
augmentation in extremely low-resource settings.
Also, our evaluation relies on an LLM-as-a-Judge
for scalable assessment, which can introduce eval-
uator bias. As future work, we plan to complement
this with targeted human spot-checks to increase
transparency.
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A Ablation Study

We use the evaluation pipeline not only to bench-
mark instruction-tuned lightweight LL.Ms against
proprietary baselines, but also to curate training
data. From the synthetic conversations generated
in Section 2.1, we select the highest-quality dia-
logues by SDRS and use them for instruction tun-
ing. Unless stated otherwise, we retain the top
85% by SDRS. Table 4 shows that, on our propri-
etary dataset, retaining the top 85% of dialogues
by quality yields the highest downstream SDRS for
Llama-3.1-8B.
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Training subset (top percentile by SDRS (instruction-tuned model)

SDRS)
100 0.83
90 0.89
85 0.94
80 0.90
75 0.87
65 0.81

Table 4: Effect of quality-based conversation filtering
on instruction-tuned LLM performance

B Hyperparameters selected for
Instruction tuning low capacity LL.Ms
using our framework

LoRA Alpha: 16,

* LoRA Dropout: 0.2,

* Rank: 16

* Learning Rate: 2 x 1074,

 Batch Size: 8

* Epochs: 3,

* Optimizer: AdamW (Loshchilov and Hutter,
2017)

* Weight Decay: 0.001

C Structure of conversations used for
instruction tuning

For conversations starting with unambiguous utter-
ances:
1. System prompt and initial user query.
2. Model-predicted intent.
For conversations starting with ambiguous utter-
ance:
1. System prompt and initial user query.
2. One or more clarification turns:
* Assistant clarification question.
* User clarification response.
3. Final predicted intent.
Using this structured conversation format we train
lightweight LLMs perform classification with clar-
ification.

D Turn level ambiguity resolution score

calculation
Model Prediction Enough Info forin- | Not Enough Info
tent prediction for intent predic-
tion
Intent | 1 | 0
Clarifying Question | 0 | 1

Table 5: Turn Level Ambiguity Resolution Score (ars;)

E Turn-level response quality metrics

Response Quality Met- | Evaluator Agent Possible Rat: Rating Val-
rics ings ues
Relevance (r;) Not Relevant, Moderately Rele 0/0.5/1

vant, Relevant

Conciseness (c;)

equately Concise

Not Concise or too concise, Ad- ‘ 0/1

Repetition Avoidance Repetitive, Somewhat Repeti 0/05/71
(ra;) tive, Not Repetitive
Factuality (f;) Hallucinating, Not Hallucinat: 0/1
ing
Politeness (p;) ‘ Not Polite, Polite 0/1

Table 6: Turn-level Response Quality Metrics

F Performance on proprietary OOD data

Model | Accuracy %
Transformer based model (formerly deployed) ‘ 88
Llama-3.1-8B (base) 55
Llama-3.1-70B 8-bit quant (base) 64
Qwen-2.5-7B (base) 62
GPT 40 86
Gemini 2.0 Flash Lite 82
Gemini 2.5 Flash Lite 86
Instruction-tuned Llama-3.2-3B (ours) 92
Instruction-tuned Llama-3.2-8B (ours, deployed) 94
Instruction-tuned Qwen-2.5-7B (ours) 94

Table 7: Performance on proprietary OOD data (50
examples)

G Prompt Templates

In this section, we have detailed the prompts that
were used in our experiments.
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Prompt: You are given a user query along with its
correct intent. Your task is to modify this query so that
it becomes ambiguous—meaning it could reasonably be
classified into two or more of the intents listed below.
You can make the query ambiguous by:

* Removing certain details that make the intent ex-
plicit.

* Adding elements that introduce plausible alternate
interpretations.

List of intents with examples:
<List of Intents with examples>

Output Requirements:

1. Output must be a single JSON dictionary in the
following format:

"modified_query”: "<modified
query>",
"potential_intents": [
{"intent"”: "<intent_1>", "
reason”: "<reason_1>"},
{"intent"”: "<intent_2>", "
reason”: "<reason_2>"}
]

b

2. "modified_query” is the newly generated am-
biguous query.

3. "potential_intents” is a list of all possible in-
tents this query could belong to, with each entry
containing:

e "intent” — the intent name.

* "reason” — why the query could belong to
this intent.

4. Do not include any extra explanations, formatting,
or notation outside of the JSON.

Positive Example: Inpur: (input) Output: (output)
This query is ambiguous because it could be interpreted
as either X or Y; hence both intents are valid.

Negative Example: Input: (input) Output: (output)
This query is not ambiguous because it is clear the user
is asking for X, so the intent is unambiguously X.
Important: Do not fabricate ambiguity. Only modify
the query in ways that naturally introduce multiple valid
interpretations, each corresponding to a different intent
from the provided list.

Figure 3: Prompt to generate an ambiguous query from
an unambiguous query
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Prompt: You are an empathetic, helpful, and intelligent
conversational Al assistant. Your task is to identify the
user’s intent from the query provided.
Key Requirements:
1. If the query is clear and matches one of the intents,
output the intent directly.

2. If the query is ambiguous and cannot be confi-
dently mapped to a single intent, ask a clarifying
question.

3. Clarifying questions must help disambiguate be-
tween the given intents and must not request irrel-
evant information.

4. If the query is clear but does not match any intent,
output "out of domain”.

5. You will be heavily penalized for:

» Asking a clarifying question when the intent
is already clear.
» Asking for information unrelated to intent
disambiguation.
Available Intents (with examples): <List of domain
intents with examples>
Output Rules:

* Output must contain only one of:

1. An intent from the given list (if unambigu-
ous).

2. A clarifying question (if ambiguous).

3. "out of domain” (if the query is not cov-
ered by any intent).

* Do not add extra characters, formatting, or expla-
nations to the output.

Examples:
Example 1:

user: <unambiguous query from user>
assistant: <ground truth intent>

Example 2:

user: <ambiguous query from user>
assistant: <clarifying question>
user: <clarification from user>

assistant: <ground truth intent>

Figure 4: Prompt for Assistant Simulating LLM




Prompt: You are simulating a human user interacting
with an Al assistant. You have a specific, clear, and
unambiguous query in mind, but you will begin the
conversation by expressing it in an ambiguous form.
Instructions:

1. Start the conversation by giving only the am-
biguous query.

2. If the assistant asks a clarifying question, re-
spond naturally as a human would, revealing

information from your unambiguous query.

3. Only reveal details relevant to the clarifying
question.

4. If the assistant asks for information you do not
have, reply with: "I do not know".

5. Do not ask clarifying questions back to the assis-
tant; your role is to answer clarifying questions.

Your conversation setup:

* Initial ambiguous query:
<Ambiguous query>

* Specific unambiguous query in mind:
<Unambiguous query>

Figure 5: Prompt for User Simulating LLM
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Prompt: You are given a conversation between
a customer and an assistant bot. The assistant’s
objective is to determine the correct user intent from
the following list:

<List of domain intents>

For each user turn (lines starting with "user:"), de-
cide whether the conversation so far provides sufficient
information to identify the correct intent.

For every turn, output exactly one of the following:

* "enough information for intent
identification”
* "not enough information for intent
identification”
Important:

1. Base your judgment only on the user responses
up to and including the current turn.

2. The output must always be a valid Python list
[] with one entry per user turn, in chronological
order.

Example Output:

["enough information for intent prediction”,
"not enough information for intent
identification”, ...]

Figure 6: Prompt for evaluating assistant’s Ambiguity
Resolution capability




Prompt: You are given a conversation between a customer and an assistant bot. Your task is to evaluate the quality of
each assistant response (prefixed with "assistant:") based on the following parameters:

1. Relevance: Rate how well the response helps in disambiguating the precise intent of the user from a given list of
potential intents. Possible values: "very relevant”, "moderately relevant”, "not relevant”.

2. Conciseness: A response is "concise” if it avoids unnecessary verbosity. Mark as "not concise" if it contains
excessive or redundant information.

3. Repetition Avoidance: A response is repetitive if it asks the same clarifying question multiple times. Possible

non non

values: "very repetitive”, "moderately repetitive”, "not repetitive”.

4. Factuality: A response is "hallucinating” if it provides information that it should not or cannot know.
Otherwise, mark as "not hallucinating”.

5. Politeness: Most responses should be marked "polite” unless they contain impolite or rude language, in which
case mark as "not polite”.

Instructions: Rate each assistant response in the conversation individually. The output must always be a valid Python
list [] with the same number of entries as there are assistant turns. Each entry should be a JSON object containing the
above parameters as keys and the chosen rating as values.

Example Output:
L
{
"relevance”: "very relevant”,
"conciseness"”: "concise”,
"repetition avoidance”: "not repetitive”,
"factuality”: "not hallucinating”,
"politeness”: "polite”
}Y
{
"relevance”: "moderately relevant”,
"conciseness”: "not concise”,
"repetition avoidance"”: "very repetitive”,
"factuality”: "not hallucinating”,
"politeness”: "polite”
}
]

Figure 7: Prompt for evaluating the conversational quality of assistant-generated responses
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Abstract

Traditional customer support systems, such as
Interactive Voice Response (IVR), rely on rigid
scripts and lack the flexibility required for han-
dling complex, policy-driven tasks. While large
language model (LLM) agents offer a promis-
ing alternative, evaluating their ability to act in
accordance with business rules and real-world
support workflows remains an open challenge.
Existing benchmarks primarily focus on tool us-
age or task completion, overlooking an agent’s
capacity to adhere to multi-step policies, nav-
igate task dependencies, and remain robust to
unpredictable user or environment behavior. In
this work, we introduce JourneyBench, a bench-
mark designed to assess policy-aware agents
in customer support. JourneyBench leverages
graph representations to generate diverse, real-
istic support scenarios and proposes the User
Journey Coverage Score, a novel metric to mea-
sure policy adherence. We evaluate multiple
state-of-the-art LLMs using two agent designs:
a Static-Prompt Agent (SPA) and a Dynamic-
Prompt Agent (DPA) that explicitly models
policy control. Across 703 conversations in
three domains, we show that DPA significantly
boosts policy adherence, even allowing smaller
models like GPT-40-mini to outperform more
capable ones like GPT-40. Our findings demon-
strate the importance of structured orchestra-
tion and establish JourneyBench as a critical
resource to advance Al-driven customer sup-
port beyond IVR-era limitations.

Keywords: customer support, large language
models, LLM agents, policy adherence, bench-
marking, JourneyBench, user journey coverage
score

1 Introduction

Customer support automation has traditionally re-
lied on Interactive Voice Response (IVR) systems:
automated telephone platforms that gather infor-
mation and route calls through voice prompts and

* Corresponding author
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Figure 1: Example SOP graph for loan application pro-
cessing, showing sequential tasks and decision points.

keypad inputs. While IVR enforces rigid flows via
static decision trees to ensure compliance, it often
lacks flexibility, resulting in poor user experience
and high frustration (Dean, 2008; Coman, 2025).
Advances in large language models (LLMs) enable
LLM agents: autonomous systems combining tex-
tual reasoning and tool-use to handle multi-turn
conversations and dynamically manage customer
support workflows (Yao et al., 2023; Schick et al.,
2023; Wen et al., 2025). Throughout this paper,
we use “agent” to refer specifically to these LLM-
powered autonomous systems. JourneyBench eval-
uates agents in text-based conversations, as exten-
sion to voice deployments is straightforward with
speech-to-text and text-to-speech modules.

Ensuring that agents follow business policies and
procedural requirements remains a core challenge
in production deployments. Standard Operating
Procedures (SOPs) are structured workflows that
prescribe execution order, validation checks, and
exception handling protocols, encoding operational
logic and compliance rules. As illustrated in Fig-
ure 1, a compliant agent completes all required
steps: identity verification, credit evaluation, finan-
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Perform a comprehensive risk
assessment to determine the

feasibility...
Step 1: Utilize the Risk
gzt 4 Evaluation tool to assess the
risks...,

Step 2: Analyze the output from
the Risk Evaluation tool...

risk_evaluation

url: https://api.risk.com/assess
% body: { "applicantId":
> applicantId, "financialStatus":
JOCLE financialStatus}
[ °If riskLevel == 'acceptable' ,
move to node Loan Offer
E If riskLevel == 'high' , move
Conditional ’ to node Loan Rejection
Edges.
Figure 2: Components within a single node: the task
description (prompt), available tools for execution, and

conditional pathways (edges) that define transitions to
the next node based on outcomes.

cial assessment, risk assessment, and loan decision
with proper validations, whereas a non-compliant
agent may skip risk assessment and proceed di-
rectly to approval, achieving the user’s goal while
violating business logic and creating regulatory and
financial risk. Existing benchmarks evaluate goal
completion rather than pathway adherence, leaving
this gap unaddressed. We therefore use the term
policy-aware agent to denote an agent that consis-
tently follows prescribed policies throughout the
interaction.

We distinguish tools (callable functions/APIs
for atomic operations, e.g., GET /customer/{id})
from tasks (higher-level units combining multiple
tools, e.g., “identity verification”). Recent bench-
marks (Yao et al., 2024; Lu et al., 2025; Trivedi
et al., 2024) evaluate tool selection and state tran-
sitions, but inadequately assess complete task se-
quences with complex inter-task dependencies.

To address this gap, we introduce Journey-
Bench, a benchmark for evaluating policy-aware
agents in customer support. JourneyBench repre-
sents SOPs as graphs to generate diverse scenarios,
including challenges such as branching logic, miss-
ing inputs, and occasional tool failures. It also
includes the User Journey Coverage Score (UJCS),
which measures how well an agent follows the re-
quired sequence of actions defined by an SOP.

Our contributions are:

* A benchmark, JourneyBench, for assessing
policy-aware agents in customer support us-
ing graph-structured SOPs that capture task
dependencies and policy constraints.

* The User Journey Coverage Score (UJCS),
a metric for measuring adherence to SOP-
mandated action sequences.

Benchmark Avg Turn Avg Tool Calls Dataset Size Tools

JourneyBench (ours) 10.91 3.34 703 41
E-commerce 13.37 3.06 232 12
Loan Application 6.57 3.69 230 15
Telecommunications 12.79 3.28 241 14

TOOLSANDBOX (Lu et al., 2025) 13.9 3.80 1032 34

BFCLV3 (Yan et al., 2024) 2.00 0.78 2000 1193

Tau Bench (Yao et al., 2024) 29.33 4.48 165 24

Table 1: Comparison of JourneyBench with other agent
benchmarks. JourneyBench statistics are presented over-
all and broken down by domain.

* An empirical comparison showing that a
Dynamic-Prompt Agent guided by work-
flow structure performs more reliably than a
Static-Prompt Agent, highlighting the value
of structured control in business settings.

2  JourneyBench Framework

The JourneyBench framework evaluates policy-
aware agents using structured workflow represen-
tations. We note that these components can be
manually defined or synthetically generated. It con-
sists of four core components: (1) SOP Graphs:
Directed Acyclic Graphs encoding business work-
flows as tasks with conditional transitions; (2)
Nodes: individual tasks with natural language de-
scriptions, available tools, and procedural rules for
state transitions; (3) User Journeys: specific paths
through SOP graphs representing realistic agent-
user interactions; and (4) Scenarios: test cases
derived from user journeys that assess agent ro-
bustness under varied conditions, such as missing
inputs or tool failures. Figure 3 illustrates the multi-
phase generation process.

2.1 SOP Representation

We model each SOP as a Directed Acyclic Graph
(DAG), where nodes represent tasks and edges de-
fine valid transitions according to business logic.
The DAG encodes task order, decision points, and
policy constraints, serving as a blueprint for agent
behavior. Figure 1 shows an example SOP graph
for loan processing. Henceforth, we use “node” to
refer to a task within the graph.

Node Structure: Each node represents a task, in-
cluding its natural-language description, available
tools (e.g., APIs), input/output parameters, and
conditional pathways for transitions. Conditional
pathways encode procedural rules as logical ex-
pressions over tool outputs (e.g., riskLevel ==
’acceptable’), allowing complex workflow logic
to be expressed clearly. During agent execution,
these conditions deterministically select the next
node, ensuring strict adherence to the SOP. Fig-
ure 2 illustrates a node’s structure; technical details
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Figure 3: Overview of our data generation pipeline across four phases (P1-P4). Validated SOP Graphs generate
numbered user journeys via Breadth-First Search (BFS) traversal, which are then used to create diverse evaluation

scenarios for the final benchmark dataset.

are in Appendix A.3.
2.2 Synthetic Dataset Curation

While SOP graphs can be manually authored for
specific business processes, constructing a large
and diverse benchmark requires a scalable gener-
ation pipeline. To build JourneyBench, we auto-
matically generate a dataset of SOP graphs and
corresponding interaction scenarios. To minimize
human effort, we employ a multi-phase generation
process inspired by recent work on LL.M-based
dataset creation(Barres et al., 2025).

Phase 1: Graph Generation and Refinement A
state-of-the-art LLLM generates foundational SOP
graphs for 10 candidate domains, ensuring work-
flow complexity and realism. Outputs are validated
for acyclicity and connectivity; if issues arise, an
iterative LLM-based refinement resolves them (Ap-
pendix C). Once validated, node descriptions are
enriched with detailed task/tool specifications and
examples to reduce ambiguity. This method al-
lows for creative, domain-specific workflows with
reduced human effort (Appendix B).

Phase 2: Manual Review Human review ensures
logical consistency in workflows, task and tool
suitability, and overall graph quality. Each SOP
graph is independently reviewed by five contact
center agents (domain experts) against three bi-
nary pass/fail checks: Logical Structure (flow is
logically correct and executable end-to-end), Co-
herence (node/tool descriptions and parameters
are contextually appropriate and consistent), and
Complexity (appropriate difficulty for the domain,
neither trivial nor needlessly convoluted). A graph
is accepted only if all five annotators unanimously

pass all three checks ("5-of-5 agreement"). Of 10
candidate graphs, 4 met this standard; three diverse
graphs one per domain (Telecommunications, E-
commerce, Loan Application) were selected for
benchmark experiments. This generate and filter
approach enables rapid iteration: generating 10
diverse candidate graphs via LLM took under 1
hour, while manual authoring of comparable graphs
would require weeks of expert time. Human review
thus serves as a scalability multiplier rather than a
bottleneck. See Appendix K for details.

Phase 3: User Journey Generation A user jour-
ney is a specific execution path through an SOP
graph, representing the sequence of nodes and tool
calls a user might follow to achieve their goal. We
enumerate all possible paths using Breadth-First
Search (BFS) (Figure 3).

Agents are evaluated via simulated conversa-
tions, with GPT-40 acting as the user, following
established evaluation practices (Yao et al., 2024;
Lu et al., 2025). Each simulation uses a user seed,
a structured prompt specifying: (1) the target jour-
ney, (2) user information parameters (e.g., appli-
cant ID), and (3) instructions for natural conver-
sation through the tasks. Example seeds and tem-
plates are provided in Appendices A.1 and F.

JourneyBench evaluates workflow adherence
rather than tool implementation, treating tools as
black boxes with pre-generated responses. For each
journey, tool responses that influence workflow
branching (e.g., riskLevel) are set algorithmi-
cally to follow the target path (Appendix D), while
other outputs, such as timestamps or confirmation
IDs, are generated by an LLM for realism. During
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evaluation, agents receive these pre-generated re-
sponses, ensuring deterministic and reproducible
testing. All user journeys are manually reviewed
for logical consistency before scenario generation.

Phase 4: Scenario Data Generation From each
user journey, we generate multiple evaluation sce-
narios, each representing a full conversational
test case with an initial state and expected out-
come. The baseline is the “correct context” sce-
nario, where all user parameters are present and
tools work as intended. From each correct con-
text case, we systematically construct two addi-
tional scenario types: Missing Parameter, where
required user inputs are withheld and unreachable
tool calls are removed from the expected tool trace;
and Failing Function, where a tool call fails (e.g.,
API error), and the trace is updated to remove down-
stream calls that can no longer execute. Duplicate
scenarios with identical sequences and responses
are removed to ensure uniqueness.

Table 1 shows that JourneyBench offers equal or
better coverage across conversational depth, toolset
size, and dataset size compared to other bench-
marks. It provides a robust benchmark for testing
agentic capabilities in policy-driven domains.

3 Evaluation Metrics

To assess an agent’s adherence to business work-
flows, we evaluate its performance on simulated
conversational scenarios from user journeys. Each
journey specifies a sequence of tool calls and pa-
rameters, so our evaluation checks strict procedural
adherence and execution accuracy. This forms the
basis of our main metric, the User Journey Cover-
age Score (UJCS).

Tool Trace Alignment: For each simulated con-
versation, Tool Trace Alignment compares the pre-
dicted tool call sequence (1;.¢) with the expected
sequence (1¢;p). Any missing, extra, or misor-
dered tool call indicates an SOP violation, giving
the conversation a score of 0.

Tool Call Accuracy: For each simulated con-
versation, this metric quantifies the correctness
of parameter values supplied during tool execu-
tion. Tool Call Accuracy T'C' A.ony, score for a
single conversation is defined by Equation 1 where
C; = |P% A P is the count of correct param-
eters for the i-th tool call, and E; = \Pe(;)p\ is the
number of expected parameters, L = |T¢,p| is the
length of the trace, and Sy, Score for a single
conversation.

TG T,y =T,
TCAC(mU _ ZiLzl B act exp (1)
0 otherwise

User Journey Coverage Score (UJCS): The met-
ric evaluates overall efficacy of an agent for a given
SOP graph on N conversations.

N
1
UICS = N Z TCAconvk (2)
k=1

4 Experimentation
4.1 Instantiating Agents with SOP

To study agent adherence to SOPs, we instantiate
two variants of agents:

Static-Prompt-Agent (SPA): SPA uses a single,
static system prompt. Using a consistent textual
template, the entire SOP is transformed into one
comprehensive system prompt. The SOP’s con-
ditional branching logic is encoded using if-then
statements. Tools for all nodes are added to the
system prompt as well. An example of this prompt
structure can be found in Appendix E.
Dynamic-Prompt-Agent (DPA): The DPA models
the SOP as a state machine, processing one node
at a time (see Appendix A.3). After each tool exe-
cution, an orchestrator: a control component that
manages the workflow state and transitions, inter-
prets the response (Appendix A.2), and determines
the next node by evaluating conditional pathways
defined in the SOP logic. Each transition replaces
the previous prompt and updates the accessible
tools. This design minimizes context overload, sup-
ports mid-flow corrections, and promotes reliable
policy execution (see Appendix M).

We exclude explicit planning-based approaches
such as ReAct(Yao et al., 2023) due to their sig-
nificant latency, which makes them unsuitable for
real-time interactions in customer support. Addi-
tionally, we developed a custom framework for the
management of SOP’s runtime state and facilitate
the handling of conditional pathways. Popular li-
braries (e.g., LangGraph, CrewAl (LangChain Al,
2023; CrewAl Inc., 2023)) could help construct
agents of similar capabilities; we chose a custom
framework to ensure reproducibility and stable ex-
perimental control across runs and to avoid depen-
dency churn.
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SPA"

| DPAY

Model Correct Context Failing Function Missing Parameter ‘ Correct Context Failing Function Missing Parameter
GPT-40 (Wu et al., 2024) 0.871 0.511 0.309 0.873 0.857 0.530
GPT-40-mini (Wu et al., 2024) 0.720 0.326 0.263 0.718 0.816 0.414
Claude 3.5 Haiku (Anthropic, 2024) 0.234 0.285 0.240 0.504 0.776 0.453
Llama 3.3 (Grattafiori et al., 2024) 0.237 0.264 0.256 0.311 0.345 0.332

Table 2: User Journey Coverage Scores (UJCS) for Dynamic-Prompt-Agent (DPAY) and Static-Prompt-Agent
(SPA”™) across scenario types. Higher scores indicate better performance.

4.2 Experiments

All experiments use a 40 turn limit and default
LLM temperature settings. The simulated user
(GPT-40, Section 2.2) follows the predefined jour-
ney while maintaining natural conversation and
preventing information leakage. From each correct-
context journey, our benchmark generates addi-
tional scenarios with failed functions or missing
parameters to test agent robustness.

Metrics: Agent performance is evaluated using the
User Journey Coverage Score (refer to Section 3).
We also track the number of successfully completed
conversations and various error types.
Real-World Deployment: The structured DPA-
based orchestration is deployed in production
across client contact centers, reliably handling
6,000+ calls daily while meeting real-time and pol-
icy adherence requirements. These production sys-
tems process voice calls by converting speech to
text, applying the same text-based DPA workflow
logic evaluated in JourneyBench, and converting
responses back to speech. This operational foot-
print demonstrates that structured agent control is
practical and effective beyond controlled simula-
tions.

Realism Validation (LLM-as-a-Judge): To en-
sure synthetic conversations reflect production-
quality interactions, we evaluate them using the
same LLM as a judge rubric applied in client Qual-
ity Assurance (QA). The rubric measures Con-
versational Proficiency (CP; e.g., empathy, clar-
ity, turn-taking) and Goal Attainment (GA; e.g.,
intent recognition, request resolution) via binary
Yes/No questions aggregated across conversations.
Synthetic conversations achieve 84.37% overall
(82.33% CP; 87.78% GA), comparable to produc-
tion QA distributions, indicating that benchmark
traces realistically capture agent behavior and pol-
icy adherence. Appendix L details rubric based
validation.

Results and Analysis: Evaluations on Journey-
Bench demonstrate consistent performance gains
with the Dynamic-Prompt-Agent (DPA) over the
Static-Prompt-Agent (SPA). As shown in Tables 2

and 3, GPT-40 with DPA achieves a UJICS of 0.717,
substantially higher than SPA’s 0.564, highlighting
the value of explicit workflow guidance for policy
adherence. Scenario-based testing further shows
that SPA performance drops under disturbances
such as failed functions or missing parameters,
whereas DPA maintains stable coverage across all
scenarios. Notably, GPT-40-mini with DPA (0.649)
outperforms GPT-40 with SPA (0.564), demonstrat-
ing that structured orchestration enables smaller,
cost-efficient models to match or exceed larger
ones.

4.3 Error Analysis

We manually went through conversations where
UJCS was low to identify error classes. We group
the errors into the following three classes:
Dependency Violations: Dependency violations
occur when an agent proceeds without required
parameters or prior tool use, violating SOP logic.
SPA often advanced despite missing inputs or fail-
ures, while DPA correctly halted to maintain logi-
cal consistency. More examples are in Appendix G.
Hallucination in Parameter Values: Parameter
hallucination occurs when an agent uses example
values from a tool description instead of the user’s
input, leading to incorrect tool usage. For example,
a user credit score of 720 might be replaced by 700
from the tool description. See Appendix H for an
example. Both SPA and DPA showed this behavior,
though DPA was less prone due to node-specific
tool restrictions.

User Simulator Failures: We observed failures
from the LLM based user simulator, which do not
reflect agent performance but can affect evalua-
tion reliability. JourneyBench helped identify two
issues: user input hallucination, where the sim-
ulator provides info not in the user seed, and in-
complete user journeys, where the conversation
ends prematurely before the required journey is
completed(Appendix I, J).

5 Related Work

Recent literature has explored evaluating LLMs
in multi-turn, tool-use settings. Benchmarks
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SPA”

| DPA'

Model

E-commerce Loan Application Telecommunications ‘ Average ‘ E-commerce Loan Application Telecommunications ‘ Average

GPT-40 (Wu et al., 2024)
GPT-40-mini (Wu et al., 2024)
Claude 3.5 Haiku (Anthropic, 2024)
Llama 3.3 (Grattafiori et al., 2024)

0.617
0.502
0.359
0.360

0.651
0.504
0.286
0.278

0.423
0.304
0.116
0.119

0.730
0.679
0.593
0.432

0.776
0.623
0.615
0.329

0.646
0.646
0.525
0.228

0.717
0.649
0.578
0.330

0.437
0.253

0.564
0.252

Table 3: User Journey Coverage Scores (UJCS) for Dynamic-Prompt-Agent (DPAY) and Static-Prompt-Agent
(SPA™) across customer service domains. Higher scores indicate better performance.

like Tau Bench (Yao et al.,, 2024) pioneered
simulation-driven evaluation, and its successor
Tau2-Bench (Barres et al., 2025) extended this to
dual-control environments. Others, like ToolSand-
Box (Lu et al., 2025) and AppWorld (Trivedi et al.,
2024), focus on stateful execution and world-state
tracking. While these frameworks advanced agent
evaluation, they primarily measure tool selection
accuracy or state changes, not an agent’s fidelity
to a prescribed, multi-step journey with complex
dependencies, a gap JourneyBench addresses. For
instance, BFCLV3 (Yan et al., 2024) uses static
conversations but does not test agent responses to
dynamic tool failures. A recent survey by Mo-
hammadi et al. (2025) provides a comprehensive
overview of LLM agent evaluation. Our work, in
contrast, specifically evaluates policy adherence,
task dependencies, and robustness to common con-
versational disturbances.

Furthermore, a common theme in existing bench-
marks is the need to manually define tool logic
and database states. This approach poses a chal-
lenge to scale to production environments where
tools and data constantly evolve. Following princi-
ples of separation of concerns from system design,
JourneyBench treats tools as modular components
with well-defined interfaces, decoupling their in-
ternal implementation from workflow evaluation.
This design allows our benchmark to focus on an
agent’s adherence to workflow logic rather than
tool-specific behavior, a key distinction from prior
work.

6 Conclusion

Moving customer support beyond rigid IVR sys-
tems requires agents that combine conversational
flexibility with strict policy adherence: a capability
existing benchmarks fail to measure. We intro-
duced JourneyBench, a benchmark that evaluates
policy-aware agents through graph-based SOP rep-
resentations and the User Journey Coverage Score
metric. Across 703 conversations spanning three
domains, we demonstrated that structured work-
flow orchestration (Dynamic-Prompt-Agent) sig-
nificantly outperforms prompt-based approaches

(Static-Prompt-Agent), enabling even smaller mod-
els to exceed larger ones in policy compliance. Our
approach is validated in production, where DPA-
based systems reliably handle 6,000+ daily cus-
tomer interactions. By providing both rigorous
evaluation methodology and evidence that struc-
tured control enables robust, policy-compliant au-
tomation, JourneyBench establishes a foundation
for deploying reliable Al agents in high-stakes busi-
ness environments.

7 Limitations and Future Work

Our framework shows strong utility but has lim-
itations that suggest avenues for future research.
The Dynamic-Prompt-Agent’s success depends
on precise modeling of business logic, which can
be challenging in dynamic or poorly documented
fields. Future work might explore semi-automated
graph generation from conversation logs. Our
simulation-based evaluation may not capture all
nuances of real-world user behavior, and the high
cost ($388.88) constrained the range of models
we tested. Future research could focus on more
cost-effective evaluation methods and complex de-
pendency structures.

8 Ethical Considerations

The use of synthetically generated benchmarks
raises important considerations that we address
through our methodology and recommend for prac-
titioners.

Synthetic Data Quality: As JourneyBench uses
LLMs to generate workflows and conversations,
it may inherit model biases. We mitigate this
through domain-expert validation (Section 2.2) and
QA-based checks of conversational realism (Sec-
tion 4.2). Organization benchmarks should be
paired with real-world bias checks in deployed sys-
tems.

Evaluation Validity: LLM-generated evaluation
data can introduce circularity. JourneyBench limits
this risk by evaluating adherence to human-defined
SOP structures rather than free-form generation.
Human validation and alignment with production
behavior provide additional grounding. We recom-
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mend using JourneyBench alongside human assess-
ment.

Workforce Impact: Customer support automation
can affect staffing. Our deployments suggest a
shift toward higher-complexity tasks rather than
direct displacement, but organizations should plan
responsible transitions and training.
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A Illustrative Examples for Journey
Bench Components

A.1 Example User Seed

Below is an example of a user seed guiding the
simulated user:

Simulate a conversation to take the
agent through the following journey.
Be creative, don't explicitly ask
for the titles used in the journey
representation. Follow and trigger
the sub-steps sequentially. Stop the
conversation after the final step
and don't proceed forward. Tell the

agent that is enough:

Initial Application Review

* To trigger Identity Verification
Provide information: <applicantId>

2. Credit Score Evaluation

* To trigger Credit Report Fetching
Provide information: <applicantId>

* To trigger Credit Score Analysis
Provide information: <creditScore>

3. Risk Assessment

* To trigger Risk Evaluation Provide
information: <financialStatus>

N

A.2 Example Tool Response

An example of a tool’s JSON response after suc-
cessful execution:

"https://api.risk.com/assesspost”: {

"success": true,
"status": "success",
"message"”: "Successfully processed

request for Risk Evaluation”,
"response”: {
"id": "96df4bc8-03d8-4792-92d4-61
f35a087el1a”,
"timestamp"”: "2025-05-13T11
:59:39.539463"
"tool": "Risk Evaluation”,
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"endpoint”: "https://api.risk.com/

assess”,
"method"”: "POST",
"riskLevel”: "acceptable”
3
3

}

A.3 Example Node Definition

A node definition includes its task steps, pathways,
and available tools. Below is an example of a "Risk
Assessment" node’s structure and its associated
tools:

'Good', 'Fair', 'Poor'."
3
] y
"responseData”: [
{

"name"”: "riskLevel",

"context"”: "riskLevel (string):
Indicates risk level. Must be
one of: 'acceptable', 'high'.
Example: 'high'."

}
]
}
]
}

{
"id": "5",
"task_name": "Risk Assessment”,
"task_description”: "Perform a
comprehensive risk assessment to
determine the feasibility of
approving a loan based on the
applicant's financial status.”,
"steps": [
"Step 1: Utilize the Risk Evaluation
tool to assess the risks...",
"Step 2: Analyze the output from the
Risk Evaluation tool..."
:l )
"responsePathways”: [
{
"conditions": [
{
"algebraicExpression”:
== 'acceptable'"”

"{riskLevel}

3
:l:
"nextNodeId": "7"
}7
{
"conditions": [
{
"algebraicExpression”:
== 'high'"

"{riskLevel}

3
1,
"nextNodeId": "8"

3
:l ’

"tools": [

{

"method":

"url”: "https://api.risk.com/assess”,

"body": "{\"applicantId\":\"
applicant_123\",\"financialStatus
\":\"financialStatus\"}",

"name"”: "Risk Evaluation”,

"tool_description”: "Evaluate risks
associated with the applicant.”,

"condition”: null,

"extractVars": [

{

"variableName": "financialStatus"”,

"type": "string"”,

"description”: "financialStatus (
string): Current financial
status indicator for risk
calculation in the Risk
Evaluation tool. Must be one of

"POST",

The key fields in the node definition guide the
agent’s behavior. task_description and steps
provide natural language instructions. The tools
array defines the specific APIs the agent can
call, including their parameters (extractVars)
and expected outputs (responseData). Crucially,
the responsePathways (i.e., conditional path-
ways) encode the procedural logic, defining which
nextNodeld to transition to based on the result
of a tool call. The framework evaluates the
algebraicExpression at runtime using Python’s
eval () function with the variable values from tool
responses, ensuring deterministic transitions.

B Graph Generation Prompt

Think about the workflow as a whole

picture before generating the graph.
Consider the logical flow of tasks,
dependencies, and conditions
required to complete the workflow in
the domain of {domain_name}. Once
you have a clear understanding of
the overall workflow, generate a **
highly complex graphx* with =*x
approximately {node_count} nodesx*x
for the workflow.

The graph should represent a detailed
workflow with **multiple pathwaysx*x,
*xconditional branchingx*, and *x*

dependencies** between nodes. Each
node should represent a specific
task or action in the workflow and
include attributes such as task name
, description, steps, tools, and
response pathways. The graph should
also include edges representing
dependencies between nodes, with
clear labels for each edge.

### Requirements:
1. *x*Node Countx**:
- The graph must contain *x*
approximately {node_count} nodes
*%x, Each node should represent a
unique task or action in the
workflow.
- Ensure that the nodes are logically
connected and represent a
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complete workflow from start to
end.

**Graph Connectivity#*x:

- The graph must be connected. Every
node (except the starting node
with “id: 1°) must have at least
one incoming edge.

- Ensure that there are no isolated
nodes or subgraphs.

- For example:

- If Node 2 exists, it must have at
least one edge pointing to it
from another node (e.g., Node 1
to Node 2).

**No Cycles (Directed Acyclic Graph)

*%k

- The graph must not contain any
cycles. A cycle occurs when there

is a path from a node back to
itself (directly or indirectly).

- For example:

- Node A to Node B to Node C to
Node A (this is a cycle and is
not allowed).

- Ensure that there are no backward
edges that create circular
dependencies between nodes.

- The graph must be a **Directed
Acyclic Graph (DAG)*x, where all
edges flow in one direction, and
no node can be revisited once it
has been processed.

*xSingle End Nodex*:
- The graph must have exactly =**one
end node*x*. An end node is a node
that has no outgoing edges.
- For example:
- If Node {node_count} is the end

node, it should not have any ~
responsePathways ™ or outgoing
edges.

- Ensure that all pathways in the
graph eventually lead to this
single end node.

*x*Multiple Pathways=*=*:

- Some nodes must have **multiple
outgoing edges** leading to
different nodes. These pathways
should be based on conditions
defined in the “responsePathways"™

field.

- Each pathway must have a clear
condition (using
algebraicExpression ™) that
determines which path to follow.

- For example:

- If “responseVarl == 'success'",
go to Node 2.
- If “responseVarl == 'failure'",

go to Node 3.
- Ensure that at least **5 nodesx*
have multiple outgoing pathways.

**Dependencies Between Toolsxx:
- Some nodes must include *xmultiple
tools*x that are dependent on
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each other. For example:
- Tool 1 generates a response
variable that is used as input
for Tool 2.
- Tool 2 generates a response
variable that is used as input
for Tool 3.
- These dependencies must be
explicitly mentioned in the
condition™ field of the tools.

*xNodes**:
- Each node should have the following
attributes:
- “id*: A unique
node .
“task_name ":

identifier for the

The name of the task

- “task_description”: A brief
description of the node's
function.

- “steps™: A list of steps that
describe the process the task
will follow to deliver services

Use indentation to describe
sub-steps.

“tools™: A list of tools required

to perform the task. This can
include REST API calls,
database queries, or other
actions.

- Each tool should have the
following attributes:

- “method~: The HTTP method to
be used (e.g., GET, POST).

- “url”: The URL for the API
call.
- “condition”: Specifies

conditions under which the
API call should be made. If
there is any dependency on
the previous tool, this
field should specify the
condition.
- “name”: The name of the
condition.
- “algebraicExpression”: The
algebraic expression that
defines the condition.
This can include logical
operators and comparisons

- “name”: A name for the action
, which can be used for
logging or debugging.

- “tool_description™: A
description of the tool's
purpose.

- “extractVars : A list of

variables to give input to

the API call. This should
include:

“variableName " :

- The name of the
variable to give
input to the API
call.

- The “~variableName™
must be unique
within the node.




- “type~: The type of the
variable (e.g., string,
number) .

- “description™:

- The ~description”
field should
describe the purpose

of that variable.

- The description field
should specify what
type of values the
variable can take or

cannot take.

- If the variable is
categorical, you
should strictly
define the allowed
values (name them)
in the description
field.

- “responseData”: The response
of the API call. This
should include:

- “name : The name of the
response variable.

- “context™: The context in
which the variable is
used.

8. x*Response Pathwaysxx*:

- Each node must define
responsePathways”™ to determine
the next node(s) based on
conditions.

- For example:

- If “responseVar2 == 'valid'", go
to Node 6.
- If “responseVar2 == 'invalid'",

go to Node 7.
- Ensure that at least **5 nodes*x*
have multiple “responsePathways ™.

9. *xEdgesx*x:
- Each edge should have the following
attributes:

- “source : The ID of the source
node.

- “target : The ID of the target
node.

- “label~: A label for the edge,

which can be used for logging
or debugging.

10. **Graphxx:

- The graph should have a “title~”
and “description™ at the top
level.

- The graph should have a “nodes™
array that contains all the
nodes in the graph.

- The graph should have an ~edges™
array that contains all the
edges in the graph.

### Additional Requirements:

- The graph should include =**multiple
pathways and conditions*x, with =*x*
approximately {node_count} nodesxx*.

- Ensure that the graph has a clear
start node and a single end node.

- Include at least **5 nodes with
conditional pathways*x based on API
responses.

- Ensure that the graph is logically
consistent and complete.

- Ensure that every node (except the
starting node with “id: 1°) has at
least one incoming edge.

- Some nodes must include multiple tools
, and these tools should depend on
the results of previous tools within

the same node. Use the “condition”
field to specify these dependencies.

### Output:

Think out step by step and generate a
plan of the graph to generate that
fits all the requirements. Think out

the user journeys, tools, response
pathways and dependencies that need
to be covered in the generated graph
and mention it. Aim for high
quality graphs and realistic
workflows. Create as detailed as
needed. Do not over-explain, be
concise in the amount of text.

C Detailed Graph Generation and
Validation

During Phase 1 of graph generation (Structure
Generation with Synthetic Data), the LLM-crafted
foundational graph structures are subjected to a
stringent validation process. This process includes:

» Start Node and Reachability: Ensuring a
single, designated start node from which all
other nodes in the graph are accessible.

* Graph Connectivity: Confirming that all
nodes and edges are correctly linked, with
no isolated components.

* Cycle Detection: Verifying that the graph is a
Directed Acyclic Graph (DAG), thus avoiding
infinite loops during navigation.

* Variable and Expression Validation: Ensur-
ing all variables used in tool inputs or condi-
tional expressions are well-defined within the
graph and that pathway conditions are syntac-
tically correct.

Should any validation fail, the LLM is re-engaged
with feedback detailing the issues and suggesting
necessary amendments. This iterative refinement,
akin to self-correction or reflection methodologies,
persists until a valid graph is achieved.
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D Algorithm for Condition-Driven Value
Generation

To generate synthetic tool responses that ensure
specific pathways are taken during user journey
generation, the values for variables involved in con-
ditional expressions are determined algorithmically.
The process is as follows:

1. Condition Parsing: Each conditional expres-
sion string (from ‘responsePathways® or a
tool’s own ‘condition‘ field) is parsed. The
system is designed to handle common com-
parison operators: ‘==°, ‘>=°, ‘>‘, ‘<=*, and
‘<*. Compound conditions involving logical
AND (‘&&°) and OR (‘[|) are also supported
by breaking them down into their constituent
sub-expressions, each of which must resolve
to true for the overall path to be considered.

2. Operator and Value Extraction: For each
sub-expression, we identify the comparison
operator and extract the variable name (e.g.,
‘{var_name}‘) and the raw value it is com-
pared against.

3. Type Conversion: The raw value from the
expression is parsed into its likely data type:
boolean (‘true’/‘false’), integer, float, or string
(stripping enclosing single quotes for string
literals).

4. Value Adjustment for Condition Satisfac-
tion: Based on the operator and the parsed
value, an adjusted value is computed for the
variable to ensure the sub-expression evalu-
ates to true. This is the crucial step for deter-
ministic path traversal:

» For ‘==°: The variable is assigned the
parsed value directly (e.g., if condition is
{status} == ’active’, the synthetic
response for ‘status’ will be "active’; if
{isVerified} == true, ‘isVerified’ be-
comes true).

e For *>‘ and ‘>=‘ with numeric types:
The variable is assigned ‘parsed_value
+ 1° (e.g., if {credit_score} >= 720,
‘credit_score’ is set to 721; if {count} >
5, ‘count’ is set to 6).

3

* For ‘<*and ‘<=* with numeric types: The
variable is assigned ‘parsed_value - 1°
(e.g., if {risk_level} < 3, ‘risk_level’
is set to ‘2°; if {attempts} <= 1, ‘at-
tempts’ is set to 0).

E Static Prompt Agent Template

Format Guide:

- Each section represents a node with
its tools and description. Use only
the tools listed in the section you
are in.

- Conditions from the previous node must

be satisfied before proceeding to
the next section

- Sections are separated by long lines

- Do not make additional tool calls if
not explicitly requested by user.

- Keep track of the section you are in
and the tools available to you. Do
not mix tools or descriptions from
different sections.

- After every tool use, communicate the
result to the user and proceed if
user requests it.

Following contains a description of the
node and the logical steps to be
taken within it. Proceed only if
requested by the user. Do not
consider it as an instruction to
carry out unless user request
requires it.

Description: Conduct an initial review
of the applicant's information to
ensure completeness and validity
before proceeding with further
processing.

Steps:

- Step 1: Collect the applicant's data,
ensuring that all necessary fields
are populated.

- Step 2: Validate the collected data
against predefined criteria to
identify any discrepancies or
missing information.

- Step 3: Use the Identity Verification
tool to verify the applicant's
identity by making an API call with
the applicantId extracted from the
collected data. The verify process
will ensure that the identity status

is either 'valid' or 'invalid' for
further action.

Tools:
- Identity Verification

If IdentityStatus equals 'valid':
Then: Below section logic is
accessible

Else: Below section logic is not
accessible

Following contains a description of the
node and the logical steps to be
taken within it. Proceed only if
requested by the user. Do not
consider it as an instruction to
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carry out unless user request
requires it.
Description: This node evaluates an
applicant's credit score by fetching
the credit report and analyzing the
score provided within it.

Steps:

- Step 1: Utilize the Credit Report
Fetching tool to obtain the
applicant's credit report by
providing the applicant's
alphanumeric ID (applicantId).
Ensure that the creditReport status
is either 'available' or '
unavailable'

- Step 2: If the creditReport status is
'available', proceed to analyze the
credit score using the Credit Score
Analysis tool. Extract the credit
score from the fetched report to
evaluate the credit score status.

- Step 3: If the creditReport status is
'unavailable ', terminate the credit
score evaluation process and notify
the applicant about the inability to

fetch the credit report.

Tools:
- Credit Report Fetching
- Credit Score Analysis (requires Credit
Report Fetching to be successful
and response field to meet following
condition: CreditReport equals '
available ')

F User Simulation Prompt Template

The following template is used consistently across
all experiments to simulate user behavior:

Goal:{user_seed}

In each turn of the chat, explicitly
mention what you want to achieve or
ask for. The agent will not know
what you want. You must drive the
conversation.

Do not repeat information that is
already provided in the chat. If you

need to refer to something, you can
use the context provided in the
chat.

Give the parameter value listed in the
seed along with your request in
every message.

If the agent asks to proceed with a task

or action after all steps in the
goal are completed, Strictly say "No
" and do not proceed with the task.
End the conversation naturally.

User Information:

Following are the user parameters that
you can use in your responses:{
user_info}

If you notice some parameters missing,
it means you do not have them. DO
NOT create your own values. Explain

to the assistant that you do not
have that information.

Warning: Never provide user information
that is not present in user
information section. Do not create
your own values. Do not collude with

the assistant to create values.

The user journey can move in one or more
steps at a time. You can only move
on to the next task once you have
completed the current one or if
agent is unable to finish it due to
error.

Guidelines:

1. Stay focused on your goal but be
natural in conversation. Do not veer

off-topic.

2. Only information available in your
user seed can be used in the
conversation. If there are
parameters missing it means you do
not have them.

3. If asked for information not
specified in your context,
mention you don't have that
information

3. Keep responses concise and to the
point

4. End the conversation naturally once
your goal is achieved or if it's
clear it cannot be achieved.

5. Send a special token "<quit>" after
you and the assistant have exchanged

goodbyes at end of conversation. Do

not send the message along with
other text. It must be a separate
message.

6. Ensure the user journey is done
before sending the "<quit>" token.
Do not end prematurely.

7. Before sending the "<quit>" token,
mention all the tasks you were
supposed to complete to the agent by

referencing the user seed. Ask the
agent to confirm that all tasks are
done. Complete the incomplete tasks
before sending the "<quit>" token.

politely

Remember: You are simulating a real user
Make your responses sound natural
and human-like.

G Dependency Violations

When handling missing parameter and failing func-
tion scenarios, our study demonstrates that the
Static-Prompt-Agent violates the tool dependency
as per the SOP unlike Dynamic Prompt Agent.

G.1 Missing Parameters

User: I'm sorry, but I don't have my
Customer ID with me right now. Can
we proceed with what we have or
perhaps move on to the next step?

204




Static Prompt Agent GPT-40 Response:

Assistant: No problem at all! We can
move on to other tasks. If there's
anything specific you'd like to
address, such as checking for an
outage or exploring upgrade options,

please let me know!

Dynamic Prompt Agent GPT-40-mini Response:

Assistant: Unfortunately, I can't
proceed with the verification
without specific details such as
your Customer ID. This ID is
essential to verify your account.

"variableName": "creditScore”,

"type": "integer",
"description”: "creditScore (
integer): Extracted credit

score from the report,
applicable when creditReport

is 'available'. Example
value: 700. Invalid: -50, °
seven hundred'. Must be a

valid integer.”

Static-Prompt-Agent GPT-40

G.2 Failing Function

Assistant: It appears that there was an
error processing your customer
verification request. Unfortunately,

I cannot complete the verification
at this moment due to an internal
server issue.

User: That's okay. In the meantime,
could you help me check if there's a
service outage in my area? My
customer area is Downtown.

Static-Prompt-Agent GPT-40 Response:

Assistant: There is currently an outage
affecting the Downtown area. Is
there anything else you would like
assistance with, such as reporting
this outage or exploring other
services?

Dynamic-Prompt-Agent GPT-40-mini Re-
sponse:
Assistant: Unfortunately, without

specific tools to perform this check
, I'm unable to provide that
information.

H Hallucinations in Parameter Values

The following example, observed in both agent
types, demonstrates a hallucination error in param-
eter values.

In the below conversation, the agent/tool should
use the credit score value of 720 as provided by the
user. However, as shown, it instead uses the exam-
ple value 700 from the parameter’s description (see
Extracted Variable Definition above). This demon-
strates a hallucination error where the agent/tool
defaults to the example value rather than extracting
and using the actual user-supplied value.

Variable Definition:

L

"extractVars":

{
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assistant: Hello! How can I assist you
today with the loan application
processing?

user: Hi! I want to get started with the
loan application process. Can you
begin with the initial application
review? My applicant ID is user789.

assistant: Great! Let's start with the
initial review to ensure everything
is in order.

I'l1l first verify your identity using
the applicant ID provided. Please
give me a moment.

tool: {
"id": "ef213b89-cf49-432e-9d17-
c77857ad3841",
"timestamp”: "2025-05-13T11
:58:54.694599",
"tool": "Identity Verification”,
"endpoint”: "https://api.example.com/
identity/validate”,
"method"”: "POST",
"identityStatus”: "valid"
}

assistant:
successfully verified,
status is valid.

Your identity has been
and the

Would you like me to proceed to the next
step, which involves evaluating
your credit score?
user: Yes, please proceed with
evaluating my credit score. You can
use my applicant ID, which is
user789, to fetch the report.
tool: {
"id": "5a453aae-2621-4867-bcod-57
d871abd3e7"”,
"timestamp": "2025-05-13T11
:59:03.233365",
"tool"”: "Credit Report Fetching”,
"endpoint”: "https://api.credit.com/
report”,
"method”: "GET",
"creditReport”: "available”
}
assistant: Your credit report is
available. I will now analyze the
credit score. Please hold on.

tool: {
"id": "dle7a30b-1c0@a-4735-9621-827
aa3b50277",
"timestamp": "2025-05-13T11

:59:09.838160",




"tool"”: "Credit Score Analysis”,

"endpoint"”: "https://api.credit.com/
analyze",

"method"”: "POST",

"creditScoreStatus”: "good”

3

assistant: The analysis of your credit
score indicates that it is 700,
which is good.

Would you like to continue with a
comprehensive financial assessment?

Dynamic-Prompt-Agent GPT-4o:

assistant: Hi there! How can I assist
you with your loan application today
5
user: Hi! I'd like to start with
understanding where my loan
application is at. Can we begin with
the review of my initial
application? My applicant ID is
user789.
assistant: To review your initial
application, I'll need to verify
your identity as part of the process
Let's start by confirming your
identity using the applicant ID you
provided.

Please confirm that your applicant ID is
“Tuser789'' so I can proceed with
the verification.
user: Yes, my applicant ID is indeed
user789. Please proceed with the
identity verification.

tool: {
"id": "ef213b89-cf49-432e-9d17-
c77857ad3841",
"timestamp”: "2025-05-13T11
:58:54.694599",
"tool"”: "Identity Verification",
"endpoint”: "https://api.example.com/
identity/validate”,
"method"”: "POST",
"identityStatus"”": "valid”
3

assistant: Your identity has been
successfully verified. Let's proceed
with reviewing the details of your
loan application.

What specific information would you like
to review or verify about your
application?
user: Great, thank you! I would like to
evaluate my credit score next. Can
you fetch the credit report for me
using my applicant ID, which is

user7897?
tool: {

"id": "5a453aae-2621-4867-bcod-57
d871abd3e7",

"timestamp”: "2025-05-13T11
:59:03.233365",

"tool"”: "Credit Report Fetching”,

"endpoint"”: "https://api.credit.com/
report”,

"method”: "GET",

"creditReport”: "available”

3

assistant: The credit report for your
applicant ID is available. Could you
please provide me with the credit
score from the report so I can
analyze it for you?

user: Sure! My credit score is 720.
Please proceed with the analysis.

tool: {
"id": "dle7a30b-1c@a-4735-9621-827
aa3b50277",
"timestamp": "2025-05-13T11
:59:09.838160",
"tool"”: "Credit Score Analysis”,
"endpoint”: "https://api.credit.com/
analyze",
"method"”: "POST",
"creditScoreStatus"”: "good"
}

assistant: Your credit score of 700 has
been analyzed and is considered °°
good.'' This should positively
impact your loan application.

I User Input Hallucination Example

The following example illustrates the simulated
user hallucinating information it wasn’t provided
in the user seed

Expected Behaviour: The agent is asking the
user for their payment method choice among
"Credit Card’, "PayPal’, or ’Bank Transfer’. How-
ever, the user was not provided any payment
method in the user seed. Hence, the conversation
should not have proceeded.

Actual Behaviour: When agent is asking about
the payment method choice among ’Credit Card’,
"PayPal’, or ’Bank Transfer’, The user answers
credit card as the payment method.

assistant: Hello! How can I assist you
with your shopping or order today?

user: Hi there! I'm looking to start an
order. Could you help me with that,
please?

assistant: Great! Could you please
provide me with the following
details to get started with your
order?

1. x*0rder ID#**: It should be an
alphanumeric string, typically 10-12
characters long. Example: '
ORD123456789 '.
2. *xPayment Method*x: Choose from
Credit Card', 'PayPal', or 'Bank
Transfer'

1

Once I have these details, I'll help you
validate and process the order.
user: Sure, here is the order 1ID:
AB123C4567D. For now, let's focus on
validating the order with the given
order ID. Could you please assist
me with that?

206




assistant: To proceed with the
validation of your order, I still
need the payment method you intend
to use. Could you please provide
that, selecting from 'Credit Card',
'PayPal', or 'Bank Transfer'?
user: I'd like to use a Credit Card for
the payment. Could you now help me
with the order validation using the
order ID AB123C4567D?
tool: {
"id": "b18dc97b-b286-469d-aabc-
c65ffdb217dc”,
"timestamp”: "2025-05-08T12
:31:43.703098",

"tool"”: "Order Validation Tool”,
"endpoint"”: "https://api.ecommerce.com
/orders/validate”,
"method”: "POST",
"isValid": true
3
assistant: Your order ID ~~AB123C4567D''

with the payment method ~~Credit
Card'' has been successfully
validated!

being checked by the billing
department.

For further assistance or clarification
about this review, I recommend
contacting our billing support team
directly. They will provide detailed

information and any necessary next
steps.

If there's anything else I can assist
you with, feel free to let me know!
user: No, that should cover everything I
needed. Thank you for your
assistance! Just to confirm, here
are the tasks I aimed to complete.

Listing 1: Example of parameter hallucination in user
agent

J Incomplete User Journey Example

The following example illustrates a user agent fail-
ure where the conversation terminates prematurely,
before the prescribed journey is complete.

Expected Behaviour: The full journey required
the agent to proceed to ‘Service Calls Analysis*
after retrieving billing information.

Customer Data Verification -> Outage
Status Check ->... -> Billing Info
Retrieval -> Service Calls Analysis

Actual Behaviour: Here, the user agent ends
the conversation after the ‘Billing Info Retrieval®
tool is called, failing to complete the user journey
required.

user: Thank you for that information. I
realize that I wanted to retrieve my
billing information. Can you assist
with that? My <customerID> is
B2345678910.
tool: {
"id": "61985a25-9a21-4264-8a20-6
fad9b21f9fas8”,
"timestamp”: "2025-05-08T12
:34:04.482871",
"tool"”: "Billing Info Retrieval”,
"endpoint”: "https://api.telecom.com/
getBillingInfo",
"method”: "GET",
"billingStatus”: "“under_review'"”

}

assistant: The retrieval of your billing
information indicates that it's
currently under review. This means

there may be some discrepancies

K Human Validation Protocol

We describe the human-in-the-loop review applied
to every LLM-generated SOP graph:

» Reviewer pool: Five contact center agents
(domain experts) independently review each
graph.

* Criteria (binary pass/fail per criterion):

1. Logical Structure: The flow is logically
correct and executable end-to-end; no
unreachable nodes; clear start and termi-
nation.

2. Coherence: Node and tool descriptions,
parameters, and conditional expressions
are contextually appropriate and inter-
nally consistent.

3. Complexity: Appropriate difficulty for
the domain (neither trivial nor needlessly
convoluted), with sufficient branching
and dependencies.

* Acceptance: A graph is included only if all
five annotators unanimously pass all three
checks.

* Remediation: Graphs failing any check are
revised (e.g., fix unreachable edges, tighten
parameter specifications, clarify tool out-
comes) and re-reviewed until passing; other-
wise they are excluded.

* Rationale for binary scoring: Enables fast,
consistent decisions and high inter-annotator
agreement; finer-grained scales are left to fu-
ture work.

Five domain experts independently marked each
graph on three yes/no checks (Logical Structure,
Coherence, Complexity). A graph is eligible only
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Agreement level (graph-level) Count Share (%)
5-of-5 on all three checks 4 40.0
>4-of-5 on all three checks 7 70.0
Total graphs 10 100

Table 4: Experiments use 3 diverse graphs (one per do-
main) selected from the 4 unanimously validated graphs.

when all five reviewers mark “yes” on all three
checks. Out of 10 candidate graphs, 4 met this una-
nimity requirement. The table below summarizes
graph-level agreement 4.

L. Realism Validation Summary

We externally assess realism by comparing syn-
thetic conversations to production evaluations on a
proprietary dataset of 1,000+ calls. An LLM-as-a-
judge rubric is applied with two pillars:

¢ Conversational Proficiency (CP): 5-7
Yes/No questions, e.g., “Was the Al agent’s
tone consistently kind, empathetic, and
friendly?” “Were responses concise and
clear?”

* Goal Attainment (GA): 5-7 Yes/No ques-
tions, e.g., “Did the Al agent accurately iden-
tify and capture the caller’s intent?” ‘“Was
the primary request resolved or properly esca-
lated?”

Each question is scored 1 (Yes) or 0 (No) and aver-
aged per conversation, then averaged across conver-
sations. On synthetic conversations, averages are:
Overall 84.37% (CP 82.33%; GA 87.78%). These
are comparable to production QA bands obtained
with the same rubric used in production QA.

M IVR vs. DPA: Mid-Flow Correction

Grouping dependent tools within a node enables
natural user corrections without restarting the pro-
cess, unlike typical tree-structured IVR flows. The
excerpt below illustrates a correction handled mid-
node by the Dynamic-Prompt-Agent:

tool: { "tool”: "Income Details

Collection”, "method”: "GET", "
saveStatus”: "saved” }

assistant: Proceeding to validate income

tool: { "tool”: "Income Validation", "
method"”: "POST", "
incomeValidationResult”: "valid"” }

assistant: Running financial health
assessment.

tool: { "tool": "Financial Health
Assessment”, "method"”: "POST", "

financialHealthStatus"”: "positive"” }

assistant: Let's assess eligibility.
Please share your income category:
Salaried', 'Self-Employed', or '
Unemployed'.

user: Salaried.

assistant: Noted. Proceeding to collect
your income details.

tool: { "tool"”: "Income Details

Collection”, "method"”: "GET", "
saveStatus”: "saved”" }

user: Sorry, correction. I'm Self-
Employed.

assistant: Acknowledged. Updating and re

-collecting income details.
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Abstract

Agentic search has emerged as a promis-
ing paradigm for adaptive retrieval systems
powered by large language models (LLMs).
However, existing benchmarks primarily focus
on quality, overlooking efficiency factors that
are critical for real-world deployment. More-
over, real-world user queries often contain un-
derspecified preferences, a challenge that re-
mains largely underexplored in current agentic
search evaluation. As a result, many agentic
search systems remain impractical despite their
impressive performance. In this work, we intro-
duce HotelQuEST!, a benchmark comprising
214 hotel search queries that range from simple
factual requests to complex queries, enabling
evaluation across the full spectrum of query
difficulty. We further address the challenge of
evaluating underspecified user preferences by
collecting clarifications that make annotators’
implicit preferences explicit for evaluation. We
find that LLM-based agents achieve higher ac-
curacy than traditional retrievers, but at substan-
tially higher costs due to redundant tool calls
and suboptimal routing that fails to match query
complexity to model capability. Our analysis
exposes inefficiencies in current agentic search
systems and demonstrates substantial potential
for cost-aware optimization.

1 Introduction

LLMs have enabled a new generation of au-
tonomous agents that can navigate websites, oper-
ate tools, and assist in complex tasks (Wang et al.,
2024; Zheng et al., 2024; Xie et al., 2024; Chen

'Data and code can be found at https://github.com/
amazon-science/hotel-quest-benchmark.
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Looking for a good hotel near the EACL 2026,
probably need to keep working, and great

breakfast would be a plus. (]

First, locate where EACL 2026 will be held to define the
search area.

Next, find nearby hotels with reliable Wi-Fi, dedicated
workspaces, and excellent breakfast options — since
the traveler will need to work during the stay.

Then, confirm through guest reviews that these
features are consistently praised.

Finally, rank the top hotels by proximity, comfort for
working guests, and overall satisfaction.

\& /

Figure 1: Illustration of a task from our benchmark.

et al., 2024b). A key emerging application is agen-
tic search, systems that iteratively reason, retrieve
information, and synthesize answers to natural-
language queries (Zhang et al., 2025a; Li et al.,
2025; Han et al., 2025). In practice, search work-
loads vary widely: systems must process large vol-
umes of simple queries efficiently while still han-
dling complex, multi-hop questions that demand
deeper reasoning (Suri et al., 2024).

Existing benchmarks for agentic search focus
primarily on answer quality (Gou et al., 2025; Du
et al., 2025), neglecting two critical dimensions
for practical deployment: (i) efficiency constraints
(latency, cost) that determine practical deployabil-
ity (Kapoor et al., 2024), and (ii) underspecified
user preferences that challenge standard relevance
notions (Xi et al., 2025; Mialon et al., 2023). For in-
stance, “dog-friendly”” could mean pets are allowed
for a fee, allowed freely, or only in certain areas
(Choi et al., 2025). These gaps make it hard to
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judge whether agents use resources appropriately
or over-compute for limited benefit.

These challenges are especially pronounced in
commercial search domains like hotel booking,
where queries range from simple lookups to com-
plex, multi-hop requests with vague constraints.
Consider two queries that illustrate this range: (1)
“Hotel with a gym in Berlin.” A competent sys-
tem can resolve location via filtering and match
the amenity from structured attributes, without re-
quiring multi-step reasoning. (2) “A quiet, stroller-
friendly boutique near Barcelona’s center with spa-
cious rooms and step-free access, preferably one
that feels authentic and not too touristy.” The sys-
tem must combine information from both struc-
tured and unstructured sources: unstructured de-
scriptions (e.g., “quiet,” “boutique”), structured
fields (room size, accessibility tags), and vague
constraints like “stroller-friendly,” which could im-
ply ramps, wide corridors, or elevators.

In this paper, we introduce Hotel QuEST (Hotel
Quality & Efficiency Search Testbed), a bench-
mark of 214 handcrafted hotel search queries, rang-
ing from simple to complex, many of which express
inherently underspecified preferences. To enable
consistent and more accurate evaluation of under-
specified queries, we collect clarifications — explicit
statements from query authors revealing their true
intent, accessible only to the judges. We jointly
evaluate quality (relevance and factuality) and effi-
ciency (cost and latency), analyze how query char-
acteristics influence the behavior of lightweight
retrievers and LLM-based agents, and establish an
upper bound on achievable efficiency.

Our main contributions are:

1. A benchmark for agentic search: A set of
214 simple to complex hotel queries, each with
complexity ratings, ground-truth clarifications for
underspecified preferences, and structured decom-
positions for detailed analysis of agent behavior.

2. Joint evaluation of quality and efficiency: A
systematic measurement of answer quality together
with cost, token usage, and latency, capturing trade-
offs between quality and practical deployability.

3. Empirical analysis exposing inefficiencies:
We demonstrate that current LLM-based agents dis-
play poor cost—quality trade-offs, frequently over-
investing computation for marginal quality gains.
Our analysis suggests significant potential for more
cost-aware agent design.

2 Related Work

2.1 Benchmarks for Agentic Search

Recent benchmarks for agentic search push beyond
classical QA (Kwiatkowski et al., 2019; Ho et al.,
2020) to multi-hop RAG (Tang and Yang, 2024;
Yang et al., 2024; Krishna et al., 2025), and further
toward multi-hop reasoning and agentic research.

In the upper section of Table 1, we summarize
agent benchmarks spanning general (Gou et al.,
2025; Wei et al., 2025; Mialon et al., 2023; An-
drews et al., 2025), e-commerce (Yao et al., 2022),
and enterprise domains (Xu et al., 2024). These
works typically evaluate agents across a diverse
range of tasks, involving search among other re-
quirements, to assess their overall capabilities. The
middle section of the table summarizes recent work
on agentic search, highlighting that most efforts em-
phasize deep research (Du et al., 2025; Abaskohi
et al., 2025; Rosset et al., 2025), as well as fac-
tual seeking (Xi et al., 2025) and broad search
(Wong et al., 2025). However, no existing work
jointly evaluates efficiency and quality, nor ad-
dresses underspecified queries where implicit user
intent must be inferred — a common characteristic
of real-world search that is critical for practical
deployment (Kapoor et al., 2024).

2.2 Efficiency in LLMs and Agents

Recent work explores “fast” and “slow” thinking
in LLMs (Kahneman, 2011; Wang et al., 2025).
Slow thinking uses test-time compute to enhance
reasoning (Jaech et al., 2024; Snell et al., 2024), ex-
emplified by Chain-of-Thought (Wei et al., 2022).
Although these methods deliver strong gains (Fer-
rag et al., 2025), they often incur computational
costs that are impractical for real-world use (Feng
et al., 2025). Moreover, current LLMs lack the
ability to adaptively choose between these modes.
Using fast thinking on complex queries degrades
quality, while applying slow thinking to simple
queries wastes computational resources.

Recent work proposes hybrid frameworks for
adaptive mode selection (Jiang et al., 2025; Fang
et al., 2025; Cheng et al., 2025), yet existing bench-
marks remain limited, not specifically designed
for agentic search or efficiency—quality trade-offs.
With the rise of search agents (Zhang et al., 2025b),
the problem has become more pronounced, as their
extended reasoning traces often lead to computa-
tionally intensive processes for completing com-
plex tasks (Xu and Peng, 2025; Li et al., 2025).
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Table 1: Comparison between benchmarks. Top: agentic benchmarks involving search among other requirements
across general, e-commerce, and enterprise domains. Middle: agentic search benchmarks focusing on deep research,
factual seeking, and broad search. Columns A, F, and E indicate Accuracy, Factuality, and Efficiency, respectively.

Name Domain Size Language Complexity A F E
Mind2Web 2 (Gou et al., 2025) General 130 English High v v X
WebShop (Yao et al., 2022) E-Commerce 12,087 English Low vV X X
BrowseComp (Wei et al., 2025) General 1,266 English High v X X
TheAgentCompany (Xu et al., 2024) Enterprise 175 English Undefined v o x v
GAIA (Mialon et al., 2023) General assistant 466 English Low to High v X X
GAIA2 (Andrews et al., 2025) General 963 English High v v X
InfoDeepSeek (Xi et al., 2025) Search 245 19 languages High v v X
DeepResearch Bench (Du et al., 2025) Research 100 English ; Chinese High v v X
LiveDRBench (Java et al., 2025) Research 100 English High VA
WideSearch (Wong et al., 2025) Search 200 English ; Chinese Medium v v X
Hotel QUEST (Ours) Hotels 214 English Low to High v v v

To the best of our knowledge, no existing bench-
mark systematically evaluates this capability in
agentic search. Therefore, we propose a new bench-
mark designed to fill this gap and enable rigorous
evaluation in commercial contexts.

3 The HotelQUEST Benchmark

3.1 Problem Definition

Let H = {hi,...,hn} denote a hotel catalog.
Given a natural-language query ¢ € Q, we ex-
tract a finite set of qualifiers (constraints) ®(q) =
{¢1,--.,®m} over attributes such as location, bud-
get, amenities, etc. The task is to retrieve the top-k
relevant hotels to ¢q. For generative models, the
output should include grounded evidence, which
justifies the reasoning behind its selections.

3.2 Query Collection

Twenty-two human annotators participated in the
data creation process, guided by a three-stage pro-
tocol designed to ensure diversity in complexity
and query characteristics. An additional human
reviewer then filtered out queries that did not ad-
here to the task guidelines, ensuring that only well-
formed and goal-oriented queries were retained.

Stage 1: Query generation. Annotators wrote
queries based on authentic travel scenarios they
would realistically search for. We instructed them
to express their requirements as they naturally
would when using a natural language search inter-
face. This yielded queries spanning simple lookups
to complex and multi-constraint requests, reflect-
ing real-world patterns where users leverage natural
language interfaces rather than traditional keyword
or filter-based interfaces.
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Stage 2: Clarification ground truth. FEach an-
notator also provided a clarification—a note that
makes their underspecified assumptions explicit.
This gap is evident in our query analysis and aligns
with prior observations in the literature (Choi et al.,
2025; Dou et al., 2007).

This step is motivated by a central insight from
Thomas et al. (2024): the only reliable “gold” rele-
vance signal is the intent of the searcher themselves.
The goal is to capture what a capable agent must in-
fer to correctly interpret the request. Clarifications
are only available to the judge, and they serve as
ground truth for the user’s implicit intent.

Clarifications can take many forms. For exam-
ple, an underspecified request like “Hotel for a solo
traveler” is clarified as “Find affordable hotels or
hostels in safe neighborhoods suitable for solo trav-
elers.” Similarly, “Hotels in London where I can
see the King” can be clarified by specifying the
location being referenced, for instance, indicating
that it refers to Buckingham Palace in London.

Stage 3: Complexity assessment. Annotators
rated the complexity of each query as Simple, Mod-
erate, or Complex. The annotators’ complexity as-
sessments are guided by the following three-level
rubric:

* 1 = Simple: solvable within approximately 5
minutes of search.

* 2 = Moderate: requires roughly 5 to 15 min-
utes of exploration.

* 3 = Complex: involves multi-step reasoning,
cross-referencing, or multi-source search, typ-
ically exceeding 15 minutes.



This time-based interpretation of query complex-
ity follows prior work showing that human solu-
tion time correlates with task difficulty (Gou et al.,
2025), and relies on the established assumption
that users can reliably self-assess the informational
needs of their queries (Suri et al., 2024).

3.3 Query Characterization

Our dataset consists of 214 queries, out of which
73.4% include a clarification. The complexity dis-
tribution shows 37.8% are labeled Complex, 37.4%
Moderate, and 24.8% Simple, providing balanced
coverage across difficulty levels.

To enable fine-grained analysis of our bench-
mark, we decompose each query ¢ into a set of
subqueries {¢;}, where each ¢; corresponds to a
distinct qualifier capturing a specific aspect of user
intent. For example:

“I’'m going for a solo trip to San Jose,
Costa Rica. Find me a hotel with great
social atmosphere.”

This query contains three pairs of qualifiers:
“Solo trip” (explicit, Population), “San Jose, Costa
Rica” (explicit, Location), and “Great social at-
mosphere” (implicit, Description). We annotate
each qualifier along two dimensions: Type (e.g.,
Explicit vs. Implicit, Negation) and Content (e.g.,
Location, Population, Description). This taxonomy
was iteratively derived by multiple annotators ana-
lyzing an initial subset of queries (see Table 3 for
the complete taxonomy with examples).

This decomposition lets us examine how query
features such as the number of qualifiers, their ex-
plicitness, and content type influence model quality
and efficiency across system architectures.

3.4 Hotels Corpus

We use two complementary data sources: the first
is a large collection of textual hotel descriptions
covering approximately one million hotels”> and
the second is HotelRec (Antognini and Faltings,
2020), a large-scale hotel recommendation dataset
derived from TripAdvisor containing around 50
million user reviews. We retain only reviews corre-
sponding to hotels for which a textual description is
available. After preprocessing, we obtain 963,028
hotel descriptions. The adapted review dataset com-
prises 21,112,546 reviews covering 106,239 unique

2https://www.kaggle.com/datasets/raj713335/
tbo-hotels-dataset

hotels, 18,520 cities, and 132 countries. Each hotel
has 1 to 31,219 reviews, with a median of 68.0
and a mean of 198.7. The full description of the
indexing setup is presented in Appendix B.2.

4 Experimental Setup

Models. We evaluate baselines spanning the
quality-efficiency spectrum: from fast, lightweight
retrieval methods to sophisticated but costly LLM-
based agents, for the task of returning the top-
3 hotels for each query. For retrieval base-
lines, we employ BM25 (Lu, 2024) and top-
performing embedding models from the MTEB
benchmark (Muennighoff et al., 2023)3 in two size
categories: all-MiniLM-L6-v2 (22M parameters)
(Wang et al., 2020) and embeddinggemma-300m
(300M parameters) (Vera et al., 2025).

As additional baselines with a reranking stage,
we incorporate an LLM reranker that estimates the
probability of answering “Yes” to the question of
whether a given document is relevant to the query.
Specifically, we employ Qwen3-Reranker-0.6B
and Qwen3-Reranker-4B (Zhang et al., 2025c).
Each retriever is evaluated separately on both
databases, reviews and descriptions. For more de-
tails on the retrieval baselines, see Appendix B.3.

For agentic baselines, we utilize Claude mod-
els (Sonnet 4, Sonnet 3.7, and Haiku 4.5) (An-
thropic, 2025a,b,c) and Qwen3-32B (Yang et al.,
2025) within the LangGraph framework*. Each
agent orchestrates three information sources: hotel
Descriptions, customer Reviews, and Web Search
via the Tavily API°, following the iterative work-
flow described below.

Agentic workflow. The agent operates through
an iterative process (Figure 6) for ¢t =
1,...,T with memory state m; (a textual sum-
mary of hotels retrieved so far) consisting
of: (i) Plan: select a source s; € S =
{Descriptions, Reviews, Web Search} and gener-
ate a search query r; based on the original query
q and memory my_1; (ii) Retrieve: execute query
r¢ on source s; to fetch up to k hotel candidates
H,; C H; (iii) Filter: prune irrelevant results from
H; and update memory to m; with newly found
hotels. The loop terminates when k hotels are iden-
tified or 7" has been reached, yielding the final

3https://huggingface.co/spaces/mteb/
leaderboard

4https://www.langchain.com/langgraph

Shttps://www.tavily.com
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Section Model Subset Quality \ Efficiency
Accuracy Factuality \ Cost ($) #Tokens P50 (s) P90 (s)
BM25 Reviews 2.64 - 0.00 - 0.23 0.23
Descriptions 1.80 - 0.00 - 0.0046  0.0046
Retrieval only Reviews 2.56 - 0.00 - 0.0007  0.0007
Dense (22M) Descriptions ~ 2.22 - 0.00 - 0.0087  0.0087
Reviews 3.00 - 0.00 - 0.0054 0.0054
Dense (300M) Descriptions  2.63 - 0.00 - 0.0169 0.0169
Dense (300M) + Reviews 3.26 - 0.61 - 2.9511 3.7701
Retrieval + Reranker (600M) Descriptions 2.77 - 0.76 - 3.6254 4.5331
LLM Reranker "1, | o 300M) + Reviews 3.32 - 331 - 16.070 19.7119
Reranker (4B) Descriptions 2.96 - 4.02 - 19.2011 24.4993
Qwen3-32B Full 3.82 2.43 4.45 13M/3M  115.74 161.93
LLM-based Claude 4.5 Haiku Full 3.57 2.81 1892 1M/02M  69.40 155.32
Agents Claude 3.7 Sonnet Full 4.22 2.97 96.03 14M/3.5M 364 938.42
Claude 4 Sonnet Full 4.11 2.83 50.16 79M/1.8M 123.44 291.76
Budget Oracle $1 Full 4.23 - 1.00 - 22.58  31.55
Budget Oracle $2 Full 4.42 - 1.94 - 32.13  44.68
Budget Oracle $4 Full 4.55 - 3.99 - 37.70  57.14
Quality Oracle Full 4.71 - 13.10 - 62.65 127.44

Table 2: Evaluation split into Retrieval only, Retrieval + LL.M-based Reranker, and LLM-based Agents on
Reviews and Descriptions, as well as two versions of Oracle models. Metrics cover Quality and Efficiency.

ranked list with grounded evidence. For more de-
tails about the agent, see Appendix B.2.

Oracle models. Finally, to quantify the potential
for improvement, we introduce two oracle base-
lines representing upper bounds on achievable qual-
ity. The budget oracle maximizes overall accuracy
under fixed budget constraints (e.g., $1, $2, and
$4), formulated as a Multiple-Choice Knapsack
problem (Sinha and Zoltners, 1979). The qual-
ity oracle selects, per query, the cheapest model
achieving the highest accuracy.

Evaluation. We evaluate the baselines along two
complementary axes: quality and efficiency. For
quality, we employ an LLM-as-a-judge approach
to assess: (i) accuracy, which measures how well
the answer aligns with the user’s requirements,
and (ii) factuality, which measures how well it is
grounded in retrieved data with proper citations.
Both metrics use a scoring guideline with well-
defined criteria for assigning scores from 1 to 5, as
shown in Appendix Table 5 (details in Appendix D
and D.2). We use Sonnet 4.5 (Anthropic, 2025d)
as the judge model. To ensure consistent evalu-
ations and address query underspecification, we
provide the LLM judge with the Clarification from
Section 3.2, which captures the annotator’s true
intent. We validate this approach by measuring
agreement between LLM and human evaluators on

246 answers spanning all baseline types, achieving
a weighted Cohen’s kappa of 0.84. For more details
about agreement evaluation, see Appendix D.1.
For efficiency, we measure the total number of
tokens processed (input/output), the cost of API
usage®, and latency statistics, specifically the me-
dian (P50) and tail (P90) response times. These
metrics jointly capture the trade-off between model
capability and practical deployability in real-world
scenarios. For more details, see Appendix D.1.

S Results and Analysis
5.1 Quality & Efficiency Comparison

Table 2 presents the main evaluation results on
HotelQUEST, comparing retrieval-based baselines
with LLM-based agentic systems. Retrieval meth-
ods (BM25, dense retrievers) offer near-zero cost
and latency but have limited reasoning capabili-
ties, resulting in lower overall accuracy compared
to highly capable LLM-based agents. Among all
models, Sonnet 3.7 achieves the highest accuracy
but is also significantly more expensive (see Sec-
tion 5.2 for detailed analysis and discussion).

The results reveal a substantial quality-efficiency
gap: retrieval models excel in cost efficiency, while
advanced LLMs lead in accuracy. This gap con-
strains deployment in industrial search pipelines

®All costs are based on Amazon Bedrock pricing as of
November 2025.
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Figure 2: Accuracy-Efficiency Trade-off. Numbers above each point indicate the agent’s iteration limit. Left:
As cost increases, accuracy initially improves, but beyond a certain point additional cost yields no further gains.
Middle: A similar pattern appears with median latency: accuracy rises with longer deliberation until both metrics
plateau and converge. Right: The P90 latency curve mirrors the cost trend, indicating that on some queries the
model fails to terminate early, leading to disproportionately high latency and cost.

where latency, scalability, and cost are critical, un-
derscoring the need for efficient agentic architec-
tures that deliver strong quality without high com-
putational overhead.

Oracle Baselines. To establish theoretical upper
bounds on routing efficiency, we evaluate two or-
acle strategies with perfect foresight. The budget
oracle formulates model selection as a multiple-
choice knapsack problem: given a global mone-
tary budget, it selects exactly one model per query
to maximize total accuracy without exceeding the
budget constraint. As shown in Figure 3, accuracy
exhibits a clear elbow around $2, beyond which
additional expenditure yields diminishing returns.

The quality oracle operates per-query, selecting
the cheapest model among those achieving the high-
est accuracy, thereby providing an upper bound on
ideal routing given perfect knowledge of query dif-
ficulty. Figure 8 reveals that most queries achieve
optimal accuracy using relatively inexpensive mod-
els, with only a small fraction requiring the most
powerful agents. Both oracles demonstrate that
near-optimal accuracy is attainable at a fraction of
current costs: the quality oracle outperforms the
best agent at lower cost, while the budget oracle at
$1 achieves higher accuracy than all agents while
costing 96x less than Sonnet 3.7 and 4% less than
Qwen3-32B.

These results reveal substantial headroom for
adaptive routing strategies and suggest that heavy
agentic reasoning is rarely necessary, with large
models delivering outsized benefits only on a mi-
nority of challenging queries.

Accuracy vs. Total Cost

Accuracy (Mean Score)
B -~ - b
o 8] E= [=)]

w
™

0 2 4 6 8 10 12
Total Cost ($)

Figure 3: Budget Oracle. Accuracy achieved by solving
a multiple-choice knapsack problem under varying bud-
get limits. A clear elbow appears around $2.

5.2 Cost Inefficiency Analysis

Tracing agent reasoning trajectories reveals notable
inefficiencies. Agents often continue invoking tool
calls after retrieving sufficient evidence, repeatedly
issuing nearly identical searches despite having
access to their search history.

To quantify this, we limit the number of tool in-
vocations for Sonnet 3.7 and measure the impact on
quality and efficiency. Figure 2 shows that exces-
sive tool calls lead to over-exploration: increased
cost and latency without corresponding gains in
accuracy, as median latency remains stable.

These findings highlight a critical gap: the lack
of cost-aware stopping criteria in current agentic
architectures. Potential solutions include contract
algorithms (Shmueli-Scheuer et al., 2009), learned
stopping policies (Yuan et al., 2024), and RL-based
resource allocation (Aggarwal and Welleck, 2025).

214



5.3 Influence of Query Qualifiers

We examine how query attributes influence model
quality using the taxonomy from Section 3.3, ex-
tended with query length and human-rated com-
plexity. We apply Welch’s ¢-test or Spearman corre-
lation depending on feature type, retaining only
significant results (o« < 0.05). Table 7 in Ap-
pendix C.1 presents the complete analysis across
all models and query attributes.

Retrieval vs. agentic models. Query complexity
significantly affects retrieval-based models but not
agentic models, leading to less accurate answers
that fail to fully satisfy user requirements. Query
length influences both retrieval models and smaller
agents like Qwen3-32B. Qwen3-32B is also sensi-
tive to the number of qualifiers and linguistic prop-
erties like negation and subjectivity, which further
decrease response accuracy. See Appendix C.1 for
the full results.

Agent behavior across complexity levels. We
further analyze how agents respond to query com-
plexity. Qwen3-32B and Sonnet 4 increase cost,
latency, and token usage as complexity rises, indi-
cating that they invest more computation in harder
queries. Haiku also spends more, but mainly when
moving from simple to non-simple queries, with
a slight cost drop at the highest level. In con-
trast, Sonnet 3.7 uses less cost, latency, and tokens
as complexity increases, suggesting miscalibrated
stopping behavior. Accuracy is highest on sim-
ple queries for all models and generally drops on
more complex ones, with only partial recovery at
the highest level. Overall, most agents respond to
complexity by doing more work, but this extra ef-
fort only partially offsets the accuracy degradation
on harder queries, while Sonnet 3.7 appears under-
invested exactly where queries are most difficult.
See Appendix C for full results.

This analysis primarily reflects the pre-retrieval
stage, capturing how query properties (e.g., length,
specificity, etc.) a priori affect the system’s ability
to retrieve relevant evidence, rather than its sub-
sequent reasoning or answer-generation processes
(Roitman, 2020).

6 Conclusion

We have introduced HotelQuEST, a benchmark de-
signed for evaluating hotel search agents through
a diverse set of manually-written queries ranging
from simple to complex, often containing inher-

ently underspecified dimensions. To mitigate ambi-
guity in user intent, we incorporated explicit clarifi-
cations within our evaluation framework, ensuring
more reliable and interpretable evaluations. Our
experiments span lightweight and cost-efficient re-
trieval models up to large LLM-based agents that
demonstrate higher reasoning capabilities at the ex-
pense of latency and cost. We have further analyzed
factors that influence model behavior in this setting,
including the agent’s stopping decisions and the im-
pact of linguistic and semantic features of queries
on model performance. Overall, our study high-
lights a critical gap between quality and efficiency,
underscoring the need for future research on joint
optimization strategies that balance response qual-
ity with computational and economic cost.

7 Limitations

To ensure realism and reduce annotation bias, an-
notators were not exposed to any specific hotels or
label sets when composing queries. This design
encourages natural, diverse, and unconstrained for-
mulations. However, it also introduces uncertainty:
we cannot guarantee that a single objectively op-
timal answer exists for every query, nor can we
precisely characterize the upper bound of achiev-
able quality.

Because large proprietary LLMs are inherently
nondeterministic (Atil et al., 2024), exact repro-
ducibility is not guaranteed. Variations in agent
workflows, execution traces, and generation trajec-
tories can lead to differences in both output quality
and computational efficiency across runs.

As in other LLM-prompting studies (Chen et al.,
2024a), our results may be sensitive to prompt
wording and structure. Although we extensively
reviewed and refined our prompts, optimizing them
for this task remains an open challenge and a
promising direction for future work.

Finally, similar to other human-authored query
benchmarks in the field, our dataset contains a rela-
tively limited number of queries. While this reflects
the substantial cost for high-quality human annota-
tion, it may constrain statistical power and should
be considered when interpreting aggregate quality
metrics.

8 [Ethics Statement

During our data filtering process, we proactively
removed all queries containing offensive, inappro-
priate, or harmful language to ensure the safety
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and integrity of the dataset. Based on these pro-
cedures, we believe that the resulting benchmark
poses minimal risk and is unlikely to produce nega-
tive societal impacts. All language models used in
this work were accessed via the Hugging Face Hub
(Wolf et al., 2020) and Amazon Bedrock. We only
utilized models whose licenses explicitly permit
research use, and we adhered to all relevant terms
of service and usage policies throughout our ex-
periments. We conducted our study in accordance
with standard ethical principles for data handling,
model usage, and reproducibility in NLP research.
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A Additional Details on the HotelQuEST
Benchmark

A.1 Query Length

Query Length Distribution
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Figure 4: Distribution of query lengths.

Figure 4 presents the distribution of query
lengths, shown as a histogram over the number
of words per query. As observed in our analy-
sis, query length plays a significant role, particu-
larly for retrieval-only models, whose performance
is more sensitive to shorter and less informative
queries.

Qualifier Type Qualifier Content
Explicit / Implicit Purpose

Negation Location
Similarity Population

Range Seasonality
Time-sensitive Description
Optional / Mandatory ~ Rating

Table 3: Taxonomy of qualifier types and contents.

B Additional Details on the Experiments

B.1 Judgment

All judgments in this work are produced using
Claude Sonnet 4.5 (Anthropic, 2025d) as the eval-
uating model for his strong performance (Zheng
et al., 2023). We employ two dedicated prompts:
the accuracy prompt (see D.3) and the factuality
prompt (see D.2). These prompts provide struc-
tured scoring criteria to ensure consistent and re-
producible evaluations across all model outputs.

B.2 Agent Workflow

The agent operates with three specialized tools: one
for retrieving item descriptions, one for retrieving
reviews, and one for performing web search. After

each tool call, the agent extracts only the infor-
mation relevant to the user query and stores it in
an internal notes field. This mechanism prevents
repeated regeneration of long, irrelevant context
across iterations and ensures that the model ac-
cumulates only the essential evidence needed for
reasoning.

Figure 6 illustrates the full agentic workflow. At
the beginning of each episode, the agent receives
the user query and decides whether to (i) call a tool
or (ii) generate a final answer. When a tool is se-
lected, the retrieved information is summarized and
added to the notes, after which the agent replans
its next step. This iterative process continues until
the agent determines it has sufficient evidence and
produces the final answer.

Hardware. Inference latency and monetary cost
are evaluated on Amazon EC2 instances. For the
LLMs, we employ the Amazon Bedrock API as
the serving environment. For the rerankers and
retrieval components, we run all computations di-
rectly on the same EC2 machine type gbe . 4xlarge
to ensure consistent quality measurement across
models.

Indexing. We construct separate vector indices
for the descriptions and the reviews using Milvus
(Wang et al., 2021) with All-MiniLM-L6-v2 embed-
dings. For hotel descriptions, we adopt a FLAT
index to enable exact similarity search, while for
reviews we use an HNSW (Malkov and Yashunin,
2018) index to improve computational efficiency at
scale.

B.3 Retrieval Baselines

For all retrieval baselines, we rely on publicly avail-
able models from the Hugging Face Hub and the
sentence-transformers library. All embedding
models and rerankers are used in their original
form without additional fine-tuning. For Embed-
dingGemma, we also adopt the prompt templates
recommended by the authors to ensure consistent
embedding behavior.

To index the corpora, we use FLAT for the hotel-
description collection and HNSW for the reviews
corpus. This choice is driven by computational con-
straints: the reviews corpus is too large for brute-
force nearest-neighbor search, making hierarchical
indexing essential for tractable retrieval. Impor-
tantly, the difference in indexing structures also
explains the observed latency differences. Despite
being a significantly larger corpus, the reviews col-
lection benefits from the efficiency of HNSW, re-
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Figure 6: Illustration of the agentic workflow.

sulting in lower latency compared to FLAT. In con-
trast, for BM25 we observe the opposite trend—the
smaller corpus yields faster retrieval, as expected
under inverted-index search.

For reranking-based baselines, we first retrieve
the top 100 documents from the index, apply the
reranker to this candidate set, and return the top 3
documents.

All retrieval models operate under a single-batch
inference setup. Consequently, the end-to-end la-
tency for queries without reranking is identical
across samples and is computed as:

batch latency

lat = .
atency per quety number of queries in the batch

This provides a consistent and fair latency compari-
son across all embedding-based retrieval baselines.

C Additional Analysis

C.1 Query Feature Analysis

Figure 7 reports which query features are statisti-
cally significant for each model, where a value of
“1” denotes significance. The features themselves
are defined in Table 3. Due to the relatively small
number of queries, this analysis has certain limi-
tations, and we exclude any feature that appears
in fewer than 20% of the queries. Each feature is
treated as binary, indicating whether it occurs at
least once within a given query.

C.2 Quality by Complexity

We evaluate the agents within each complexity
group to analyze how cost, token usage, latency,
and accuracy vary as query difficulty increases. The
results are presented in Table 4.
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Table 4: Metrics by complexity level and model; tokens shown as inputK/outputK.

Simple Moderate Complex
Metric Qwen3-32B  Sonnet4 Haiku4.5 Sonnet3.7 Qwen3-32B Sonnet4 Haiku4.5 Sonnet3.7 Qwen3-32B Sonnet4 Haiku4.5 Sonnet3.7
Cost 0022 0212 0.078 0.482 0025 0226 0.095 0.479 0026 0250 0.092 0.461
Tokens 77K/18K  33K/8K  31K/8K  73K/I8SK  83K/20K 36K/8K 37K/I0K  73K/17K 90K/21K  39K/9K 35K/10K  70K/17K
Latency (sec) 83.78  136.60 74.36 425.95 89.99  141.24 91.42 423.81 96.98  156.88 93.02 416.82
Accuracy 4135 4275 3519 4.423 3613 3974 3.613 4.150 3850  4.093 3.550 4.175
Score  Label Description Criteria
5 Exact Match  The answer completely o Addresses all requirements (location, budget,
addresses all aspects of the amenities, group size, etc.)
query with specific, actionable
hotel recommendations.
e Provides specific hotel names and relevant details
e Explains why each recommendation fits
4 Strong Covers almost all requirements, e Addresses most requirements with relevant hotels
Match with minor omissions or slight
generalization.
e Missing minor detail (e.g., exact price or a less
critical amenity)
3 Partial Covers some requirements but o Addresses some requirements
Match misses key aspects.
e May give generic advice instead of specific hotels
e Missing critical constraint(s) like budget,
location, or amenities
2 Weak Match  Provides tangentially relevant e Hotel suggestions are only loosely related
information but not directly
aligned with query intent.
e Misses multiple key requirements
e Possibly recommends wrong type of property or
area
1 Irrelevant Fails to address the query e No relevant hotel recommendations

requirements.

e Wrong location/context
e Ignores critical constraints

Table 5: Accuracy scoring rubric for hotel recommendation answers.
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Figure 7: Analysis of query features. among those achieving the highest accuracy.

D [Evaluations

D.1 Human-LLM Agreement

To evaluate the reliability of our automatic scoring
pipeline, we measure the alignment between hu-
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man judgments and LLM-based judgments. Specif-
ically, we analyze different aggregation setups.

Figure 9 reports the resulting confusion matrices
for each aggregation scheme. The matrices demon-
strate strong alignment between human annotators
and the LLM evaluator, with most disagreement
concentrated in borderline or partially correct cases.
This suggests that the LLM-based scoring mech-
anism is sufficiently reliable for large-scale evalu-
ation while remaining sensitive to nuanced differ-
ences in answer quality. In total, we manually anno-
tated 246 answers, covering the complete spectrum
of observed model behaviors.

Original (1..5)

1]2-3|4-5

2
Predicted
1-2[345

205 00 05 225 00 05

0 15 20 25

1 15 20 25
Predicted

1.0
Predicted

Figure 9: Confusion matrices measuring alignment be-
tween human judgments and LLM-based scoring across
different levels of label aggregation.

Table 6 reports the agreement between human
annotators and the LLM-as-a-judge across multi-
ple aggregation schemes of the 1-5 rating scale.
The evaluation is based on 246 answers, each in-
dependently rated by humans for different system
baselines producing varying quality scores. We as-
sess alignment using several complementary mea-
sures: (i) Exact Match, capturing strict agreement;
(i) Cohen’s r with linear and quadratic weights,
which account for partial disagreements and rating
distance; and (iii) rank- and correlation-based mea-
sures, Spearman’s p, Kendall’s 7, and Pearson’s 7,
to quantify ordinal and linear consistency. Addi-
tionally, non-parametric (Wilcoxon) and parametric
(paired t-test) significance tests evaluate whether
differences between distributions are statistically
meaningful.

Across all aggregation schemes, correlations re-
main high (p, 7 > 0.8), and all tests indicate strong

statistical significance (p < 0.01). This consis-
tent alignment across diverse baselines and scor-
ing distributions—demonstrating that the LLM-as-a-
judge reliably mirrors human evaluation patterns,
validating its use as a robust and scalable proxy for
human judgment.

D.2 Factuality Evaluation Prompt

For the Factuality Evaluation, we use a structured
prompt that includes: (i) a fixed evaluation header,
(ii) a placeholder describing the type of answer be-
ing evaluated, (iii) the User Query and the Model
Answer, (iv) the Clarification (when applicable),
and (v) the complete Context corresponding to all
hotel documents cited by the model. This context
consists of the full hotel descriptions and review
texts associated with every citation the agent pro-
duces, as well as any snippets retrieved through
web search when the agent invokes a web tool.
This setup ensures that the judge model evaluates
factuality strictly based on verifiable evidence con-
tained in the citations supplied by the agent. The
full evaluation header used in the prompt is pro-
vided below.

D.3 Accuracy Evaluation Prompt

For the Accuracy Evaluation, we use a structured
prompt that includes: (i) a fixed evaluation header,
(i1) a placeholder describing the type of answer
being evaluated, (iii) the User Query, (iv) the Clar-
ification (when applicable), and (v) the Model An-
swer.

This prompt focuses exclusively on how well the
answer satisfies the user’s stated requirements, in-
dependent of factual grounding or citation quality.

The full evaluation header used in the prompt is
provided below.
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Setting Exact Match  Kiinear  Kquad p T r Wilcoxon p  t-test p

Original (1-5) 0.5813 0.701 0.841 0.844%* 0.755%* 0.851** o o
Agg: 1123145 0.7683 0.721 0.796 0.808** 0.767** 0.811** ok ok
Agg:1-2 131 4-5 0.7805 0.742 0.810 0.817** 0.769** 0.817** o o
Agg:1-2 13415 0.7317 0.681 0.774 0.785%* 0.734**  0.777** * *

Table 6: Agreement between human annotators and LLM-as-a-judge ratings. ** denotes p < 0.01; * denotes
p < 0.05.
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You are a Factuality Judge for HOTEL RECOMMENDATIONS.

Your goal is to assess the factual accuracy of the ANSWER strictly

based on the provided hotel descriptions and reviews.

IGNORE any outside knowledge or assumptions , only consider information
verifiable from the given sources.

Task: Rate how FACTUALLY ACCURATE the ANSWER is on a 1-5 scale:

1 = Completely inaccurate: contains mostly false or unsupported statements.

2 = Poor factualit: some facts are correct, but most claims lack evidence or

contradict the sources.

3 = Partially factual: roughly half the claims are supported, others are vague or unverified.

4 = Mostly factual: nearly all claims align with the sources, with only minor

inaccuracies or omissions.

5 = Fully factual: every factual statement is accurate and directly supported by a cited source.

When evaluating, consider:
- Does each factual statement about the hotel (e.g., location, amenities, ratings,
accessibility, services)
have explicit evidence from the provided descriptions or reviews?
- Are there any hallucinated details or claims not grounded in the sources?
+ Are sources cited clearly and correctly linked to each factual statement?
+ Is the information consistent with the evidence, without contradictions or exaggerations?
« IMPORTANT: If any factual statement lacks an explicit source, deduct points proportionally.

Output format: Return ONLY a valid JSON object with two fields:
- score: an integer from 1 to 5
- explanation: a concise justification mentioning which parts are well-supported and which are not.

Example:

{
"score": 4,
"explanation”: "Most details (location, breakfast, and accessibility) are supported by the
descriptions, but the mention of a rooftop bar lacks evidence."

}

Do not include any text outside the JSON object.

You are a Relevance Judge for HOTEL RECOMMENDATIONS.
Evaluate ONLY using the provided hotel descriptions and reviews
(ignore any outside knowledge).

Task: Rate how well the ANSWER addresses the USER QUERY on a 1-5 scale:

1 = Not relevant at all: completely misses the user's needs.

2 = Slightly relevant: mentions minor aspects but not the core requirements.
3

Moderately relevant: covers some key points but ignores important requirements.
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1]

Very relevant: satisfies most requirements with only minor omissions.

1
1

Perfectly relevant: fully addresses all requirements with appropriate detail.

When evaluating, consider:
+ Does the answer directly address the specific hotel requirements
(location, budget, amenities, travel dates, party size)?
+ Are concrete hotel recommendations provided (hotel names + pertinent details),
rather than generic or high-level advice?
- Is the reasoning clear, structured, and grounded in the provided descriptions/reviews?
« Are trade-offs or limitations explained when relevant?
- IMPORTANT: If the query requires recommending hotels and the answer does NOT
provide any concrete hotel recommendation, score = 1.

Output format: Return ONLY a valid JSON object with two fields:
- score: an integer from 1 to 5
- explanation: a brief justification for the chosen score.

Example:

{
"score": 4,
"explanation”: "The answer addresses most user requirements and provides hotel names,
but it lacks detail about budget constraints.”

}

Do not include any text outside the JSON object.
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Abstract

Real-world financial filings report critical infor-
mation about an entity’s investment holdings,
essential for assessing that entity’s risk, prof-
itability, and relationship profile. Yet, these
details are often buried in messy, multi-page,
fragmented tables that are difficult to parse, hin-
dering downstream QA and data normalization.
Specifically, 99.4% of the tables in our finan-
cial table dataset lack bounding boxes, with the
largest table spanning 44 pages. To address this,
we present TASER (Table Agents for Schema-
guided Extraction and Recommendation),
a continuously learning, agentic table extrac-
tion system that converts highly unstructured,
multi-page, heterogeneous tables into normal-
ized, schema-conforming outputs. Guided by
an initial portfolio schema, TASER executes
table detection, classification, extraction, and
recommendations in a single pipeline. Our
Recommender Agent reviews unmatched out-
puts and proposes schema revisions, enabling
TASER to outperform vision-based table de-
tection models such as Table Transformer by
10.1%. Within this continuous learning process,
larger batch sizes yield a 104.3% increase in
useful schema recommendations and a 9.8%
increase in total extractions. To train TASER,
we manually labeled 22,584 pages and 3,213
tables covering $731.7 billion in holdings, cul-
minating in TASERTab to facilitate research
on real-world financial tables and structured
outputs. Our results highlight the promise of
continuously learning agents for robust extrac-
tions from complex tabular data.

1 Introduction

Financial documents, particularly annual regula-
tory filings for funds, house tables that govern
$68.9 trillion of investments globally (Investment
Company Institute, 2024). By comparison, $68.9
trillion is more than twice the total Gross Domestic
Product (GDP) of the United States ($29.1 trillion)
(WorldBank, 2025). This critical data is housed in

Contracts Market Value % Net
Coy USD Assets

d Pay CDX NA HY'S 42 5 Yr. 102 17/07/2024 usp 42,172,356 149,469 001

OPTIONS CONTRACT — 0.04% (0.00%)
(780) S&P 500 INDEX P4250 February 2024 (367) 0.01

Purchased Pay CDX S&P 500 INDEX

NA HY S42 5 Yr. 102 P4250 February 2024

quantity 42,172,356 quantity -780

market_value 149,469 e -367,000
Option

S&P 500 Index
4250

X| e 2024,2,1,0,0

option_type Put

description

underlying CDX NA HY S 42
strike_price 102
2024,7,17,0,0
option_type call

Figure 1: Complexity of Holdings Table in Regula-
tory Filings. In the original format, multiple data at-
tributes are displayed in a single line, with no bounding
boxes, rendering the generation of structured outputs
highly challenging. TASER enables the generation of
structured outputs from highly variable, multi-page fi-
nancial tables for complex instrument holdings. Nega-
tive quantities or market values denote short positions.
See Appendix K for additional outputs.

the Financial Holdings Table (Figure 1), which out-
lines the entirety of an entity’s investment holdings
(U.S. Congress, 1934; EU Commission, 2019); this
table has the highest row count (maximum 426
rows)—more than double the average row count
of all other table types (Table 7). These Finan-
cial Holdings Tables are long and highly hetero-
geneous in layout (Figure 2). While generating
structured outputs from these tables is critical for
many regulatory and financial institutions to under-
take basic QA (Question-Answering) tasks using
an LLM (Large Language Model) or libraries such
as pandas (Cho et al., 2024), there is a relative
dearth of studies that focus on continual learning to
extract from Financial Holdings Tables, compared
to web or SQL tables (Herzig et al., 2020; Pasupat
and Liang, 2015; Zhong et al., 2017). Therefore,
the following challenges exist in terms of parsing
Financial Holdings Tables into structured, machine-
readable outputs: (1) One-to-many relationships
between a document and the tables it houses
exacerbate standard model performance for table
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Figure 2: Variety and complexity of financial tables.
From leftmost column - for a single financial filing type,
such as annual reports, there is no consistency among
reports. Within each report, there are numerous table
types with each type housing very different types of
information. Even within a single table type (such as the
Financial Holdings Table), there are numerous layout
structures, as seen in the rightmost column. Due to the
extreme heterogeneity of formatting, document layout,
and table structure, traditional table extraction methods
fail to perform for financial filings.

detection or structure recognition tasks. (2) Fi-
nancial Holdings Tables span across multiple
pages, rendering models that operate at the page
level inefficient. (3) Financial instruments are
highly complex with nested hierarchies. There-
fore, details are often clumped in a single cell as
seen in Figure 1. (4) Tabular layouts are hetero-
geneous with no bounding boxes, mixing tables,
text blocks, footnotes, and images, often without
consistent labeling or alignment. 99.4% of tables
in our dataset, TASERTab, lack bounding boxes to
efficiently identify a single cell. These challenges
motivate our agentic table extraction methodology
capable of goal-driven parsing and self-refinement,
continuously learning and reasoning from errors.

Contribution 1: We propose a continuously learn-
ing, agentic table extraction methodology, TASER
(Table Agents for Schema-guided Extraction and
Recommendation) that performs detection, classifi-
cation, extraction, and recommendation in a single
pipeline by leveraging the schema invoked as a tool
call. TASER is layout-agnostic and can operate for
tables of any format. We compare our methodol-
ogy against predominant methodologies and report
TASER’s 10.1% improvement over Table Trans-
former (Yang et al., 2022) for detection.

Contribution 2: We demonstrate the effective-
ness of our Recommender Agent to continuously
improve the initial schema - reflecting a tunable
and continuous self-learning loop. Throughout our
training, we found that small batches are optimal

for providing diverse and comprehensive recom-
mendations to the original schema—however, at the
cost of redundant recommendations. In contrast,
large batches drive high precision recommenda-
tions at the cost of diversity. Thus, our results
establish that self-learning via agents for table ex-
traction is tunable; through adjusting batch size,
we can control schema refinement to maximize
actionable coverage while minimizing redundancy.

Contribution 3: We have constructed a manu-
ally labeled dataset TASERTab of ground truth
labels for 3,213 real-world Financial Holdings Ta-
bles amounting to $731.7B in value. We sourced
the filings from fund websites, labeled the total net
assets for each fund, and recorded the span of each
Financial Holdings Table. We believe that this is
the first dataset of its kind to provide access to real-
world financial tables side by side with structured
outputs.

2 Related Work

Information & Table Extraction: Early in-
formation extraction relied on statistical models
(HMMs (Borkar et al., 2001), CRFs (Lafferty
et al., 2001), heuristics (Press, 2003), and graph-
based layouts (Liu et al., 2019; Qian et al., 2019;
Meuschke et al., 2023), but still struggle with com-
plex, heterogeneous tables.

Table Representation Learning: Transformer-
based table understanding and QA include
TaPaS (Herzig et al., 2020), TaBERT (Yin et al.,
2020), TaPEX (Liu et al., 2022), TURL (Deng
et al., 2020), TUTA (Wang et al., 2021), and Table-
Former (Yang et al., 2022). These methods encode
text, structure, and layout, but few are benchmarked
on long, dense, multi-page financial reports.
LLMs for Structured Data: General LLMs
have strong performance for schema-conformant
extraction via fine-tuning & prompting (Brown
et al., 2020; Liu and Contributors, 2024), while
multimodal approaches (LayoutLM (Xu et al.,
2020, 2021; Huang et al., 2022), DONUT (Kim
et al., 2022), DocFormer (Appalaraju et al., 2021),
UniTable (Peng et al., 2024), and Table Trans-
former (Smock et al., 2021; Carion et al., 2020)
improve layout awareness but still lag on long, frag-
mented tables (Zhao et al., 2024).

Financial Document Parsing: (Watson and Liu,
2020) has focused on table extraction from im-
ages while (Cho et al., 2024) has focused on expert
agent pipelines. Large-scale benchmarks such as
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DocILE (Simsa et al., 2023), BuDDIE (Wang et al.,
2025) have also focused on financial documents.
Agentic and Recursive Extraction: Recent meth-
ods cast LLMs as agents capable of iterative ex-
traction and self-correction (Shen et al., 2023;
Roucher et al., 2025; Watson et al., 2023; Yuan
and Xie, 2025). Prompt-based feedback, intro-
spective refinement, and episodic memory frame-
works (Madaan et al., 2023; Shinn et al., 2023; Yao
et al., 2023) drive improvements in reasoning for
complex extraction.

3 Methodology

3.1 System Architecture

Our methodology is composed of three core Large
Language Model (LLM) agents, each with a dis-
tinct role. We conduct rigorous ablations to evalu-
ate the importance of each agent.

1. Detector Agent: Identifies candidate pages con-
taining Financial Holdings Tables leveraging the
initial schema provided. The prompt is tuned to
maximize recall to avoid missing any Financial
Holdings Tables. We provide our prompts in the
Appendix (Figure 12).

2. Extractor Agent: Processes detected pages by
prompting the LLM with the current Portfolio
schema embedded in the prompt context. The
LLM’s output is validated inline against the
schema using Pydantic & Instructor, produc-
ing a set of structured, type-checked instrument
entries (Figure 1).

3. Recommender Agent: Reviews unmatched ex-
tractions containing both false and true positives.
A false positive is a spurious extraction (e.g.,
headers/subtotals/footnotes/OCR noise or cells
from non-holdings tables) that fails schema/-
type/consistency checks; a true positive is a
valid holdings field from a genuine row that the
current schema cannot yet classify but passes
those checks. The agent first filters false posi-
tives by re-validating each candidate under the
current schema; it proposes schema modifica-
tions for the remaining true positives and, per
class, recommends the minimal change needed.

All agents interact through explicit artifacts: struc-

tured outputs, episodic error stacks, and schema

definitions. Output validation is integrated into
each agent’s forward pass via Instructor (Liu and

Contributors, 2024). TASER implements a recur-

sive feedback loop, where errors and unmatched

holdings identified in the initial extraction are esca-

Extraction Task
& TASER
Retry
o sas pLQ Failure: LLM Layer
ECS Cluster Schema
Container L bd Modifications
ambda I
X o

Task Status Dynamo DB
Dynamo DB (Schema Cache)

Figure 3: TASER deployment architecture. Users
submit extraction requests through a UI or API hosted
in an ECS container, which enqueues an extraction task
to SQS. An AWS Lambda function orchestrates the In-
gest, Detection, Extraction, and Recommender Agents,
persisting task status and schema cache in DynamoDB
and writing intermediary and final outputs to S3; failed
tasks are routed to a dead-letter queue (DLQ) for later
inspection. The Recommender Agent analyzes the inter-
mediary output file and associated error stack to propose
schema enhancement recommendations. Users can ac-
cept or reject these recommendations; accepted updates
are written back to the schema cache and automatically
retrigger the extraction pipeline, enabling TASER to
continuously refine its extraction artifacts over time.

lated to the Recommender Agent, which provides
recommendations to refine the schema and triggers
re-extraction. This loop repeats until all entries are
matched. A schematic of the full agentic pipeline
is shown in Figure 3.

3.2 Initial Schema Definition and Application

TASER'’s extraction process is anchored by an ex-
plicit, user-modifiable Portfolio schema that de-
fines the target structure for Holdings Tables. We
implement this schema using Pydantic models;
our initial schema reflects is informed by lever-
aging external knowledge (U.S. Congress, 1934).
Each schema consists of a base Instrument model,
subclassed for common asset types (e.g., Equity,
Bond, Option, Swap, Forward, Future, Debt, and
an Other class for uncategorized rows. Each sub-
class specifies instrument-specific fields and vali-
dation logic (see App. G).

Schema-Guided Extraction: For each candidate
page, the Extractor Agent prompts the LLM with
the current schema embedded in the prompt con-
text. The LLM is instructed to return a structured
output, which is immediately parsed and validated
against the schema using Pydantic’s type check-
ing and validation logic. Outputs that fail schema
validation (e.g., missing fields, type errors, or un-
declared instruments) are flagged.

Schema Recommendations for Iterative Refine-
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Figure 4: Schema-Guided Agentic Refinement Loop.
The extraction pipeline begins with an Initial Schema
Definition (v1), which guides the LLM Extractor Agent
as it processes the raw Holdings Table to produce De-
clared Holdings. Holdings that do not match the schema
are routed as Unmatched Holdings, triggering the gen-
eration of Schema Update Suggestions. These sugges-
tions are reviewed, clustered, and aggregated by our
Recommender Agent before updating the schema (v2),
replacing the prior definition and closing the agentic
feedback loop. This process enables continuous schema
refinement and robust extraction.

ment: We formalize schema refinement as an iter-

ative, LLM-driven clustering process that updates

the schema to accommodate unmatched or novel

holdings discovered during extraction (Novikov

et al., 2025; Zhang et al., 2023). At each iteration,

the agent operates on the episodic error stack to pro-

pose schema modifications, and extraction is retried

using the updated schema. This process continues

until all entries are matched or no further improve-

ments are possible. Let H = {hy,ha,...,hn}

denote the set of unmatched holdings, and let »(0)

be the initial schema. For each iteration ¢:

» H®: Unmatched holdings at iteration £.

» 2 Current schema.

» gp: LLM-based schema suggestion function.

» B: Batch size for error grouping.

The refinement loop (Algo. 1) proceeds as follows:

1. Partition H® into batches of size at most B.

2. For each batch, invoke gy with batch errors and

2O to propose schema modifications.

Aggregate, cluster, and select recommendations

Update schema to (1) and re-extract.

5. Update error stack and repeat until H¢*1) is
empty or no new schema changes are suggested.

Rl

3.3 Ablation Strategies and Efficiency

We systematically ablate TASER to isolate the im-

pact of schema-guided extraction, prompt engineer-

ing, and agentic feedback across four strategies:

1. Raw Text Prompting: The LLM is prompted
only with the page text; extraction is based

Algorithm 1 LLM Iterative Schema Refinement

Require: Unmatched holdings H = {h1, ha, ..., hn}, ini-
tial schema £(©), LLM schema suggestion function gg,
batch size B, stopping criterion 1’

: Initialize £ < 0

cHO « H { Current unmatched holdings}

: 2 « initial schema

: while not stopping criterion 7" met do

Partition H® into batches H j(_z) of size at most B

5B 0 {Suggested schema modifications }
for each batch H ;-e) do

S go(H", O

5O 5Oy go
J
end for
Ss(flzmd < AggregateAndSelect(S¥)) {Aggregate
suggestions }

12:  x+Y  UpdateSchema(3®, %) )
13:  H®*Y « UnmatchedHoldings(H, S¢+1))
14: it HYTY = ( then

15: break

16: end if

17: L+—0+1

18: end while

19: return Z(¢+D

ZOY X NN R

—_—

solely on a yes/no detection.

2. Structured Chain-of-Thought (CoT):
Prompts include a minimal schema and
few-shot examples, eliciting explicit reasoning
traces before a final boolean decision.

3. Full Schema Prompting: The full Portfolio
schema is embedded in the prompt, instruct-
ing the LLM to return structured, schema-
conformant entries.

4. Direct Schema Application: The schema is
directly applied to parsed page content with-
out prior detection; extraction succeeds if any
schema sub-model instantiates.

Table 2 reports detection and extraction via ab-

solute dollar difference, and Table 10 compares

computational efficiency in tokens and latency.

4 Experimental Setup

Detection Metrics: We report recall, precision,
F1, and accuracy for table detection, prioritizing
recall to avoid missing Financial Holdings Tables.
Extraction Metrics: We assess extraction com-
pleteness by comparing TASER’s outputs to ground
truth labels. We manually label a total net asset
value for each Holdings Table. We then compare
this ground truth with our extractions, dubbed the
total absolute difference (TAD).

Schema Refinement Metrics: Coverage is the
fraction of unmatched holdings aligned with at least
one schema suggestion, using RapidFuzz string
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Provider  Model Recall (%) Precision (%) F1 Score (%) Accuracy (%)
Camelot Hybrid 56.92 23.46 33.23 47.35
Microsoft ~ Table Transformer 99.76 32.75 49.31 46.27
OpenAl gpt-40-2024-11-20 100.00 4343 59.44 66.35
OpenAl gpt-5-mini-2025-08-07 94.92 54.15 68.96 80.33
OpenAl gpt-4.1-2025-04-14 95.80 54.32 69.33 80.49
OpenAl gpt-5-nano-2025-08-07 95.97 55.63 70.44 81.46
OpenAl gpt-5-2025-08-07 95.97 68.16 79.71 88.75
Anthropic  claude_sonnet-3-7 88.97 57.34 69.73 82.22
Amazon nova_pro-v1-0 85.90 69.45 76.84 88.07

Table 1: Detector performance across models on TASERTab. Recall, precision, F1, and accuracy are reported
for baselines and the Detector Agent instantiated with different LLMs. gpt-40-2024-11-20 attains perfect recall,
while gpt-5-2025-08-07 achieves the best overall F1 and accuracy. nova_pro-v1-0 delivers the highest precision
but at the cost of lower recall, illustrating the trade-off between missing holdings tables and avoiding false positives.

Method Recall (%) Precision (%) F1(%) Accuracy (%) TAD (USD) Unaccounted
o (a) Raw Text Prompting 100.00 38.62 55.73 58.38 $ 107,066,845 0.015%
% (b) Structured CoT 100.00 34.42 51.21 50.10 $ 120,577,458 0.016%
ﬁ (¢) Full Schema Prompting 100.00 43.43 59.44 66.35 $ 102,836,797 0.014%
(d) Direct Schema Application 100.00 41.84 58.30 63.99 $118,881,312 0.016%

Table 2: Detection and Extraction Performance Across Strategies. While all TASER ablations achieve perfect
recall, Full Schema Prompting yields the highest precision (43.43%), F1 score (59.44%), and overall accuracy
(66.35%), as well as the lowest total absolute difference (TAD) and unaccounted fraction, underscoring the value of
embedding the complete Portfolio schema in the detection prompt. Percentage of unaccounted holdings is out of
$731.7 billion (ground truth). Lower TAD and unaccounted percentages indicate higher dollar-value fidelity.

similarity with a lenient (> 70) threshold. We also
report the number of new matched holdings after
re-extraction with the suggested schemas added
to Portfolio. Diversity is the average pairwise
Levenshtein distance between suggestion attributes
(name and generated schema). Collision rate de-
notes the proportion of duplicate suggestions.
Dataset and Model: We curate a diverse corpus to-
taling 22,584 pages, 28M tokens, and $731.7B in
holdings. Among 3,213 tables, 57.53% exhibit hi-
erarchical structure (via spanning cells). All Hold-
ings Tables (100%) are hierarchical. While 39 %
of portfolios are single-page, 60.2% span multiple
pages. The average length is 3.24 pages (o = 3.41,
max = 19). This variability underscores the need
for multi-page detection and consolidation. Un-
less explicitly stated otherwise, all experiments use
gpt-40-2024-11-20 as the LLM.

5 Results and Discussion

5.1 Quantitative Evaluation

Detection: Table 2 shows that all TASER abla-
tions achieve perfect recall (~100%), but preci-
sion ranges from 32.8% (Table Transformer) up
to 43.4% (Full Schema Prompting), driving F1
scores between 49.3% and 59.4%. Embedding
the full Portfolio schema in the prompt boosts

precision by over 10% relative to the vision-only
baseline and yields the highest F1 (59.4%) and
accuracy (66.4%), demonstrating that in-context
schema guidance is critical.

Extraction: Table 2 confirms schema-anchored
extraction improves dollar-value fidelity. Full
Schema Prompting attains the lowest absolute dif-
ference ($102.8M) and smallest unaccounted share
(0.014%), outperforming Raw Text Prompting
($107.1M, 0.015%) and Structured CoT ($120.6M,
0.016%). Direct Schema Application (skipping de-
tection) incurs a higher error ($118.9M; 0.016%)
by parsing spurious non-holding pages.

5.2 Success Highlights

Cross-Document Consistency: TASER classifies
and extracts Holdings Tables despite varying ti-
tles (e.g., "Portfolio of Investments", "Schedule
of Holdings", or "Investment Portfolio") and di-
verse structural formats. Despite the immense com-
plexity of inputs, TASER consistently extracts and
transforms these tables, ensuring that the final out-
put appears as if sourced from a uniform set.
Contextual Understanding: TASER excels in
handling contextual nuances, such as interpreting
negative values denoted by parentheses (e.g., (140))
in zero-shot settings. Such domain-specific at-
tributes are important for financial tables.
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Figure 5: Left: Cumulative unique schemas per iteration; larger batches discover schemas rapidly but plateau
quickly. Right: Cumulative unique schemas per unmatched holding seen; smaller batches ultimately yield more
unique schemas but require more suggestions and generate more redundancy.
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Figure 6: Reduction in TAD after resolving un-
matched holdings. Remaining TAD is calculated after
sequential reconciliation of unmatched holdings. Error
reduction is achieved by resolving the most significant
unmatched holdings (Figs. 8§ & 9).

Extracting Intricate Semantics: TASER demon-
strates a strong semantic understanding of finan-
cial terminology, which empowers it to extract
accurately. For instance, TASER adeptly parsed
the table entry “GBP 4,700,000 | UK Treasury
0% 19/02/2024 | 4668 | 1.48,” correctly identify-
ing the holding as a bond and extracting its at-
tributes: quantity, market value, coupon rate,
maturity date, and issuer.

5.3 Batch Size Tradeoffs in Refinement

Figure 5 (left) reveals that larger batch sizes (250,
500) rapidly expand the schema. However, this
early acceleration comes at the cost of early sat-
uration, after which few new unique schemas
are discovered. In contrast, smaller batches re-
quire more iterations to reach the same number
of unmatched holdings seen, but continue yield-
ing unique schemas, resulting in the highest diver-
sity when normalized by data processed (Figure 5,
right). This improvement in coverage, however, is
offset by increased redundancy. As shown in Ap-
pendix Figure 7, smaller batches incur substantially
more overlapping suggestions, reflecting a more
granular and exploratory nature. Overall, these
results highlight a key tradeoff: larger batches ac-
celerate early discovery but plateau quickly, while
smaller batches maximize cumulative schema di-

versity at the cost of redundancy and computation.
Our results establish that schema refinement via
agentic feedback is both tractable and tunable. This
indicates that an adaptive batching strategy may
be optimal: using larger batches to quickly identify
high-yield schemas, followed by smaller batches
for exhaustive diversity.

Schema Diversity and Utilization: Schema diver-
sity, as measured by the average pairwise Leven-
shtein distance, is maximized for moderate batch
sizes (100-250), as shown in Appendix J. While
larger batch sizes (500) yield a higher proportion
of utilized schemas—up to 59%—smaller, more
diverse batches tend to have lower utilization rates
(Table 9). Furthermore, the accretive gain in 402
additional unique schemas yielded only marginal
improvements in holding coverage (6.1%). Fig-
ure 10 illustrates this tradeoff: smaller batch sizes
cover more unmatched holdings at the expense of
efficiency (96.1% coverage for 29.0% utilization
at batch size 10), whereas larger batches achieve
higher schema utilization (59.0% at batch size 500).

Improvements in TAD: Resolving the largest un-
matched holdings yields a reduction in TAD of
approximately 7-10% across batch sizes, with the
majority of improvement achieved by reconciling
just the top 10-20% of holdings (Table 5).

5.4 Deployment of TASER

We outline the deployment architecture of TASER
in Figure 3, with additional system architecture
details provided in Appendix A.

6 Conclusion

We present TASER for extracting complex Hold-
ings Tables from documents through continual
learning. Our high precision and recall across di-
verse layouts underscore the potential of agentic
continual learning for financial table extraction.
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Disclaimer

This paper was prepared for informational purposes
by the Artificial Intelligence Research group of JP-
Morgan Chase & Co. and its affiliates ("JPMor-
gan”) and is not a product of the Research Depart-
ment of JPMorgan. JPMorgan makes no represen-
tation and warranty whatsoever and disclaims all
liability, for the completeness, accuracy or relia-
bility of the information contained herein. This
document is not intended as investment research or
investment advice, or a recommendation, offer or
solicitation for the purchase or sale of any security,
financial instrument, financial product or service,
or to be used in any way for evaluating the merits of
participating in any transaction, and shall not con-
stitute a solicitation under any jurisdiction or to any
person, if such solicitation under such jurisdiction
or to such person would be unlawful.

Limitations

Despite its strong performance, TASER remains
susceptible to errors in low-resolution or scanned
PDFs, where visual degradation can hinder ac-
curate extraction. Ambiguities in financial doc-
uments, such as undefined asset classes or implicit
references, pose challenges that cannot always be
resolved without external knowledge or manual in-
tervention. While recursive prompting enhances
completeness, it introduces added latency and com-
putational overhead. Additionally, TASER relies
on prompt-based weak supervision due to the lack
of fine-grained, labeled datasets for complex in-
strument types, which may limit generalization.
Finally, TASER does not yet model interactions
between table rows or instrument relationships be-
yond the schema level, which may affect down-
stream tasks such as portfolio risk analysis or ex-
posure aggregation.
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A TASER System Architecture

A.1 Overview

TASER is an event-driven microservice architec-
ture composed of several semi-independent agents,
such as text extraction and table detection modules.
Each agent operates on a shared cloud infrastruc-
ture, which typically consists of an AWS Lambda
function that listens to a queue (Amazon SQS),
manages file operations in Amazon S3, and utilizes
a dead-letter queue (DLQ) for retry handling.

A.2  User Interaction and Deployment

Users may interact with TASER either through a
graphical user interface (UI) or directly via the
application programming interface (API). Both the
UI and API are deployed within an Amazon ECS
cluster, with horizontal and vertical scaling enabled
to respond to user demand. The Ul is updated by
periodically polling the API for task status, which
is maintained in Amazon DynamoDB.

A.3 Task Cache

An additional component is the fask cache, imple-
mented using DynamoDB. The primary purpose of
the cache is to reduce latency and operational costs
by retrieving previously computed results. For all
agents, the cached value is typically an S3 location
indicating where the result of a prior execution is
stored. The cache key varies by agent but generally
includes model-specific information (e.g., model
name, temperature settings) and the prompt used
for generation. A cache entry for the table detection
agent is structured as follows:

Key: {schema_id, prompt_id, document_text_id,
model_name, model_configs}

Value: S3 location

A.4 Design Rationale: API-Centric
Orchestration

A core design decision for TASER was to utilize an
API-centric approach for orchestrating workflows.
An alternative would have been to configure each
agent to automatically trigger an AWS Lambda
function upon the arrival of a new file in S3 (ei-
ther by directly configuring the S3 bucket or using
AWS EventBridge). While this method is feasi-
ble, it means that any change to workflows would
require reprovisioning AWS infrastructure. In con-
trast, with the current architecture, redesigning a
workflow is as simple as refactoring the UI or API
client code (for example, changing the order of

API calls) and redeploying the application, without
modifying the underlying cloud infrastructure.

B Camelot Table Parsing Modes

For completeness, we also compare TASER’s de-

tection performance against the four table detection

modes in Camelot'. The best-performing variant

(Hybrid) achieves an F1 score of 0.33, still below

TASER’s weakest ablation (0.51). Full results are

presented in Table 4. Note that our financial tables

primarily consist of unruled, whitespace-separated

tables with alignment-based structure. Below is a

brief summary of each mode:

» Stream: Groups text using whitespace and y-
axis alignment. Suitable for unruled tables,
but yielded low precision on our data (F'1 =
21.6%).

» Lattice: Uses image-based line detection to ex-
tract ruled tables. Less effective for our dataset
due to the rarity of bordered layouts (F'1 =
13.3%).

» Network: Detects tables via text alignment
patterns using bounding boxes. Performs bet-
ter on our format, which lacks explicit ruling
(F1 = 18.6%).

» Hybrid: Combines Network’s structure with
Lattice’s grid refinement. Achieved the highest
F1 score (33.23%) among Camelot modes, con-
firming the benefit of integrating both visual and
alignment cues.

C TASER Annotation Process

We manually sourced each financial document di-
rectly from the fund entity’s public website, ensur-
ing broad coverage across instrument types. An-
notations were performed at the page, table, and
holdings level (which may span hundreds of pages).
For every filing and fund, we recorded the page-
span for the portfolio of investments table and the
net asset value across all holdings for that fund.

D TASER Dataset Release

TASER is built on public fund documents. Our
release will include labels for the positions of hold-
ings tables, the recorded net asset value, the fund
name, multi-page spans, and a URL reference to
the public fund document. Each pdf filing is hosted
by the fund’s advisor, as required by regulation.

"https://github.com/camelot-dev/camelot
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Model Modality Primary Task Promptable
Camelot Vision + Spatial ~ Heuristic Table Detection & Parsing No
Table Transformer Vision Detection & Structure Recognition No
TaPas Text Table-based QA Partially
TAPEX Text Programmatic Extraction (SQL) Partially
TASER (ours) Vision + Text Schema-guided Extraction Yes

Table 3: Comparison of representative table extraction and reasoning models. Our work extends prior methods
by introducing a fully agentic, schema-guided extraction framework for highly complex financial tables, leveraging
prompt-based self-refinement and continuous schema adaptation.

Method Recall (%) Precision (%) F1(%) Accuracy (%)
2 Stream 28.02 17.56 21.59 53.16
Té Lattice 14.01 12.72 13.33 58.08
= Network 42.62 21.50 28.58 50.97
© Hybrid 56.92 23.46 33.23 47.35
Table Transformer (Smock et al., 2021) 99.76 32.75 49.31 46.27
g (a) Raw Text Prompting 100.0 38.62 55.73 58.38
% (b) Structured CoT 100.0 34.42 51.21 50.10
ﬁ (c) Full Schema Prompting 100.0 43.43 59.44 66.35
(d) Direct Schema Application 100.0 41.84 58.30 63.99

Table 4: Detection performance across all benchmarked strategies. Camelot variants underperform across all
metrics, with Hybrid achieving the highest F1 score (33.23%) among them. TASER consistently achieves perfect
recall and outperforms both Camelot and Table Transformer baselines, with Full Schema Prompting yielding the
best precision (43.43%), F1 score (59.44%), and accuracy (66.35%).

Batch Remaining TAD Reduction NAV
Size TAD ($) (%) Extracted ($)
500 94,843,638 7.8% 7,993,158
250 94,185,693 8.4% 8,651,103
100 95,985,588 6.7% 7,851,209
50 92,781,421 9.8% 10,025,376

10 93,032,549 9.6% 9,804,248

Table 5: Remaining Total Absolute Difference (TAD,
$) and Net Asset Value (NAV, $) extracted from recon-
ciled unmatched holdings by batch size.

E Document Preprocessing

For each PDF filing, TASER extracts raw text, lay-
out metadata, and embedded images using a hy-
brid pipeline based on pdfplumber. Each page is
parsed into normalized text blocks and layout prim-
itives, preserving spatial relationships and read or-
der. Minimal normalization is applied, including
Unicode cleanup and header/footer removal. Each
page object includes:

» Raw text blocks (reading order preserved)

» Bounding boxes and font metadata

» Embedded images (if any)

We apply Unicode normalization (NFKC), whites-
pace collapse, and filter out repeated headers/foot-
ers via regex matching. Optionally, OCR is per-

formed if text extraction fails. Code and parameters
are available upon request.

F Parallelization and Fund Construction

Extraction: To efficiently process large, multi-
page filings, TASER employs parallelization (20
workers) at both the document and page levels.
Each agent operates asynchronously across doc-
ument batches: Detector and Extractor agents pro-
cess candidate pages in parallel, while the Recom-
mender agent operates downstream on the resulting
artifacts.

Merging: For fund-level construction, extracted ta-
bles from consecutive pages are merged determinis-
tically. Entity resolution is performed by matching
predicted fund names and table headings across
pages, while units and currencies are normalized to
a consistent reporting standard through a boolean
flag value_in_thousands. Partial extractions are
reconciled using strict types in the response model,
whose validation errors re-prompt the LLM on spe-
cific extraction errors to ensure a unified, schema-
conformant portfolio representation for each fund.
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Avg. # Tables Avg. Rows Avg. Columns Avg. Spanning
Dataset Per Topology  Per Table Per Table Cells per Table
SciTSR 5.70 9.28 5.19 0.77
PubTabNet 4.13 14.05 5.39 2.24
FinTabNet 11.80 11.93 4.36 1.01
PubTables-1M 3.78 13.41 5.46 3.01
TASERTab 11.00 53.70 6.36 2.67

Table 6: Complexity of table instances across datasets. TASERTab exhibits almost five times the number of
rows compared to other datasets. The maximum row count in TASERTab is 426 rows across 44 pages for a single

Financial Holdings Table.

# Unique Cell Avg. # Tables Avg. Rows Avg. Columns Maximum Page Span
Dataset # Tables Topologies Per Topology  Per Table Per Table
Financial Holdings Table 1933 621 3.11 53.7 6.36 44
All Other Tables 1280 331 432 26.9 3.87 37

Table 7: Complexity of Financial Holdings Tables
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Figure 7: Cumulative collisions per unmatched hold-
ing; smaller batches incur more collisions, reflecting
greater redundancy.

G Schema Definitions and Portfolio
Model

Portfolio Base Model: The core Instrument
base model in our Pydantic model is subclassed
into the following classes (see Figure 13 for the
full class diagram). This is our initial schema com-
posed of some of the most well-known financial
instruments:
» Equity: a share of ownership in a corporation,
representing residual claims on earnings and as-
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Figure 8: Heavy-tailed distribution of value recovery
from unmatched holdings across batch sizes. We re-
port the Lorenz curves for the cumulative fraction of
value recovered as a function of the fraction of “other”
holdings resolved. For all batch sizes, a small number
of matches account for the vast majority of recovered
net asset value, while most resolved holdings contribute
negligibly. The bow of each curve away from the di-
agonal illustrates the extreme concentration of recover-
able value in the “head,” characteristic of a heavy-tailed
regime.

sets.

Bond: a fixed-income security issued by govern-
ments or corporations, paying periodic coupons
and returning principal at maturity.

Future: an exchange-traded contract obligating
the buyer or seller to transact an asset at a prede-
termined price on a specified future date.
Forward: an over-the-counter agreement to buy
or sell an underlying asset at a set price on a
future date, customizable but counterparty-risky.
Swap: a bilateral contract to exchange cash flows
(e.g., fixed vs. floating interest rates or different
currencies), with terms set at initiation.
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Figure 9: Cumulative recovery fraction vs. number of
holdings resolved. Cumulative fraction of total value
recovered as a function of the number of unmatched
holdings resolved (log-log scale). The steep initial rise
for each batch size indicates that the largest recoveries
are concentrated among the first few resolved holdings;
subsequently, improvement plateaus, indicating dimin-
ishing returns from resolving additional holdings in the
long tail.
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Figure 10: Coverage vs. Utilization by Batch Size.
The number of unmatched holdings covered (bars, left
axis) decreases with increasing batch size, while the
fraction of schema suggestions utilized (line, right axis)
increases. This highlights a tradeoff: small batches are
more exhaustive in coverage, but large batches are more
efficient—yielding fewer “wasted” schema suggestions.

» Option: a derivative granting the right, but not
the obligation, to buy (call) or sell (put) an un-
derlying asset at a specified strike price before
or at expiry.

» Debt: a broad class of fixed-income securities
including variable return notes, medium-term
notes, and government bonds, not otherwise clas-
sified as standard bonds.

» Equity Linked Note (ELN): a structured prod-
uct whose returns are linked to the performance
of an underlying equity or basket of equities.

» Other: a catch-all for instrument types not cov-
ered by the above classes, enabling schema ex-
tension and novelty detection.

Batch Name Diversity Schema Diversity
Size Avg Min Max | Avg Min Max
10 2594 0 82 |331.80 0 1387
50 2267 0 78 | 31341 0 1305
100 | 2421 O 71 | 35032 0 1569
250 2260 O 55 | 34297 0 1230
500 {2035 O 54 124640 O 737

Table 8: Diversity metrics of unique schema sugges-
tions for varying batch sizes. We report the aver-
age/minimum/maximum pairwise Levenshtein distance;
“schema” metrics are over the entire generated schema,
“name” is on the generated holding class name.

H Ablation Strategies

Raw Text Prompting. For the baseline ablation,
we prompt the LLM solely with the raw page text,
asking whether a portfolio table is present via a
simple yes/no detection prompt. Upon affirmative
detection, the LLM is instructed to extract a port-
folio table from the same text, returning the result
as a structured object with a portfolio field, but
without access to any schema or structural guid-
ance. This strategy measures the LLM’s extraction
performance in the absence of schema scaffolding
or explicit reasoning.

Structured Chain-of-Thought (CoT). To as-
sess the impact of explicit reasoning on ta-
ble detection, we prompt the LLM with the
page text and require a structured Pydantic out-
put containing both a chain-of-thought explana-
tion (table_chain_of_thought) and a boolean
indicating the presence of a portfolio table
(has_portfolio_table). This ablation isolates
the effect of minimal schema guidance and encour-
ages the model to make its decision transparent
through explicit intermediate reasoning. Upon pos-
itive detection, extraction is performed identically
to the baseline, without additional schema context.

Full Schema Prompting. In this ablation, we
inject the complete Portfolio Pydantic schema
directly into the detection prompt, alongside the
page text. The LLM is instructed to reason about
the presence of a portfolio table, outputting a chain-
of-thought (chain_of_thought), a boolean detec-
tion (has_portfolio_table), and, if present, an
extracted portfolio object conforming to the pro-
vided schema. This strategy evaluates the effect
of strong schema supervision on both detection
and extraction performance, requiring the model to
both reason and map raw text into the structured
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schema within a single step.

Direct Schema Application. For the final abla-
tion, we bypass explicit table detection and directly
apply the Portfolio schema extraction to every
page. The LLM is prompted to extract a portfolio
table from the provided text and return a Pydantic
object with a portfolio field, irrespective of any
prior detection or reasoning. Extraction is consid-
ered successful if any portion of the schema can be
instantiated from the text. This approach evaluates
schema-constrained extraction in the absence of
explicit detection or intermediate supervision.

I Aggregation and Conflict Resolution of
Schema Suggestions

After the LLM returns a batch of schema sugges-
tions, we aggregate and cluster similar proposals
as follows:

1. Deduplication: Suggestions with Leven-
shtein similarity > 0.9 (on class name and
field structure) are merged.

2. Clustering: All proposals are clustered by se-
mantic similarity of class names and required
fields, using LLMs as the decision process.

3. Selection: For each cluster, the most frequent
or most comprehensive schema suggestion is
selected.

4. Validation: Each selected schema is vali-
dated by re-extracting unmatched holdings;
suggestions that do not match any holding are
dropped.

5. Manual review: If ambiguity remains, a
manual review is triggered for final decision.
We validated 64 resolved schemas for the
second phase of extraction. Listing 15 dis-
plays the reconciled JSON schema for For-
ward Currency Contract, corresponding Py-
dantic model via pydantic.create_model,
and several re-extracted holdings.

J Schema Suggestion Diversity

Table 8 summarizes the diversity among schema
suggestions across batch sizes. Moderate batch
sizes (100-250) achieve the highest average and
maximum diversity, while the largest batch size

(500) yields the lowest. This indicates that ex-
tremely large batches tend to generate more ho-
mogeneous or redundant suggestions, while mod-
erate batches foster a broader range of candidate
schemas.

K Example Holdings Tables

We show example holdings tables, alongside
TASER’s extractions in Figures 16 - 34.
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Figure 11: Left: Name diversity (average, minimum, and maximum pairwise Levenshtein distance) among schema
suggestions for varying batch sizes. Right: Schema diversity for the same. Moderate batch sizes (100-250)
maximize diversity, while very large batches yield more homogeneous outputs.

Batch Coverage (Holdings) Utilization (Schemas) Reported Collision
Size | Count % Covered NAYV (%) | Total # # Utilized % | Collisions Rate (%)
10 16,942 96.1 99.65 867 251 29.0 2,409 73.5
50 7,416 42.1 35.35 586 240 41.0 442 57.0
100 | 7,311 41.5 35.39 495 217 43.8 218 30.6
250 | 6,955 39.5 35.46 351 156 44 .4 75 17.6
500 | 6,349 36.0 35.10 184 109 59.2 30 14.0

Table 9: Schema Utilization Efficiency. We report the proportion of generated schema suggestions that were
utilized (i.e., matched at least one holding), for matching. Larger batch sizes result in a higher fraction of utilized
schemas, suggesting that bulkier suggestion rounds are more efficient at targeting actionable schemas, albeit at the
expense of overall diversity and coverage.

Detection Extraction End to End
Method Tokens Latency (s) Tokens Latency(s) Tokens Latency (s)
g (a) Raw Text Prompting 1,495 0.33 5,414 20.37 6,909 20.69
Ej (b) Structured CoT 1,514 1.70 5,440 20.20 6,954 21.90
ﬁ (c) Full Schema Prompting 5,706 1.58 5,235 20.48 10,941 22.07
(d) Direct Schema Application — — 5,693 21.47 5,693 21.47

Table 10: Efficiency comparison of each ablation strategy. We report the token consumption and inference
latency for detection, extraction, and end-to-end processing. Raw Text Prompting minimizes detection cost (1,495
tokens, 0.33 s) and achieves a total pipeline latency of 20.69 s; Structured CoT incurs additional reasoning overhead
(1.70 s) with similar extraction performance; Full Schema Prompting uses the most detection tokens (5,706) but
maintains comparable end-to-end latency (22.07 s); Direct Schema Application skips the detection stage entirely,
applying schema validation directly in extraction. Dashes (—) indicate stages not performed by the method.
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Instrument Category  Count Example

Equities 28,737 Taiwan Semiconductor Manufacturing

Debt 17,105 US Treasury 4.69% 09/05/2024

Unmatched Instruments 16,822 EUR

Forwards 8,023 Bought USD Sold KRW at 0.00072513

Options 977 Written Call Unilever 4050

Futures 720 US 5 Year Bond Future

Swaps 776 Pay fixed 3.026% receive float. (1d SOFR)

ELNs 292 BNP (Laobaixing Pharm. Chain (A)) ELN 22/07/2024

Table 11: Distribution of instrument categories in the dataset, with an example for each.

1| # Ablation 1: Raw Text Prompting

2| detection_prompt = (

3 "Is there a table present in the following text? Reply with ’yes’ or ’no’.\n\n"
4 f"Text:\n{page.text}"

5

s|# TableDetectionResponse Pydantic Model

9| class TableDetectionResponse(BaseModel):

10 table_chain_of_thought: str = Field(...,

11 description="Chain of thoughts on if the page text contains table-like content")
12 has_portfolio_table: bool = Field(...,

13 description="True if the page has a holdings table, False otherwise”)

16| # Ablation 2: Structured Chain-of-Thought (CoT)
17 | detection_prompt = (

18 "Analyze the following text and determine if it contains a portfolio table. "

19 "Provide your chain of thought and final decision in a structured output "

20 "response model that includes ’chain_of_thought’ and ’has_portfolio_table’ fields.\n\n"
21 f"Text:\n{page.text}"

29 )

25 |# Ablation 3: Full Schema Prompting
26 | detection_prompt = (

27 "Using the provided Portfolio JSON schema, analyze the following text and "
28 "if it can be extracted into that schema. Provide your chain of thought. "
29 "You will output a response model object including ’chain_of_thought’, "

30 "’has_portfolio_table’, and ’extracted portfolio’.\n\n"

31 f"Schema:\n{json.dumps(schema, indent=2)3}\n\n"

32 f"Text:\n{page.text}"

331)

36| # Ablation 4: Direct Schema Application
37| detection_prompt = (

38 "Extract a portfolio table from the following text following the Portfolio schema. "
39 "Return a response object with a ’portfolio’ field.\n\n"

40 f"Text:\n{page.text}"

a])

Figure 12: Detection prompts for all ablation strategies. Each section is labeled with its corresponding ablation
strategy.
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Listing 1: Portfolio schema with all matched instrument types.

1| from enum import Enum

2| from typing import Optional, List, Literal
3| from pydantic import BaseModel, Field

4| from datetime import datetime

6 | class BaselInstrument(BaseModel):

7 cusip: Optional[str] = Field(None, description= )
8 isin: Optional[str] = Field(None,

9 description= )
10 ticker: Optional[str] = Field(None, description= )

11 description: Optional[str] = Field(None,

12 description= )

13 quantity: Optional[float] = Field(None, description=

14 market_value: Optional[float] = Field(None, description=

16| class Equity(BaseInstrument):
17 instrument_type: Literall 1=
18 exchange: Optional[str] = Field(None, description=

20| class Option(BaseInstrument):

21 instrument_type: Literall 1=

22 underlying: Optional[str] = Field(None, description=

23 strike_price: Optional[float] = Field(None, description=
24 expiration_date: Optional[datetime] = Field(None,

25 description= )

26 option_type: Optional[str] = Field(None, description=

2% | class Swap(BaselInstrument):

29 instrument_type: Literall 1
30 notional_amount: Optional[float] = Field(None, description=
31 fixed_rate: Optional[float] = Field(None,

32 description= )

33 floating_rate_index: Optional[str] = Field(None,

34 description=

35 maturity_date: Optional[datetime] = Field(None, description=
36 counterparty: Optional[str] = Field(None, description=

33 | class Forward(BaseInstrument):

39 instrument_type: Literall 1=

10 forward_price: Optional[float] = Field(None, description=
41 settlement_date: Optional[datetime] = Field(None,

12 description= )

14| class Future(BaseInstrument):

45 instrument_type: Literall 1=

16 contract_size: Optional[int] = Field(None, description=
47 expiration_date: Optional[datetime] = Field(None,

18 description= )

class Debt(Baselnstrument):

9,

51 instrument_type: Literall 1=

52 coupon_rate: Optional[float] = Field(None,

53 description= )
54 maturity_date: Optional[datetime] = Field(None,

55 description= )

56 issuer: Optional[str] = Field(None, description=

58| class EquitylLinkedNote(BaseInstrument):

59 instrument_type: Literall 1 =

60 issuer: Optional[str] = Field(None, description= )
61 product: Optional[str] = Field(None, description=

62 maturity_date: Optional[datetime] = Field(None, description=
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Listing 2: Main Portfolio Model with Unmatched (Other) Holdings class

class Other(BaseModel):
description: str = Field(...,
description= )
name: str = Field(...,
description= )
market_value: Optional[float] = Field(None,
description=

)

class Portfolio(BaseModel):
fund_name: Optional[str] = Field(None,

description= )

value_in_thousands: bool = Field(False,
description= )

equities: Optional[List[Equity]] = Field(default_factory=list,
description= )

options: Optional[List[Option]] = Field(default_factory=list,
description=

swaps: Optional[List[Swap]l] = Field(default_factory=list,
description= )

forwards: Optional[List[Forward]] = Field(default_factory=list,
description= )

futures: Optional[List[Futurel] = Field(default_factory=list,
description= )

debt: Optional[List[Debt]] = Field(default_factory=list,
description= )

elns: Optional[List[EquityLinkedNote]] = Field(default_factory=list,
description= )

other_instruments: Optional[List[Other]] = Field(default_factory=list,
description=
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Equity

+instrument_type: "Equity”
+exchange: Optional[str]

Option

+instrument_type: "Option”
+underlying: Optional[str]
+strike_price: Optional[float]
+expiration_date: Optional[datetime]
+option_type: Optional[str]

Swap

+instrument_type: "Swap”
+notional_amount: Optional[float]

Portfolio Instrument /S| +fixed_rate: Optional[float]
+floating_rate_index: Optional[str]
+equities: List<Equity> +cusip: Optional[str] +maturity_date: Optional[datetime]
+options: List<Option> +isin: Optional[str]
+swaps: List<Swap> +ticker: Optional[str]
+forwards: List<Forward> +description: Optional[str]
+futures: List<Future> +quantity: Optional[float] Forward
+bonds: List<Bond> +market_value: Optional[float]
N +instrument_type: "Forward”

+forward_price: Optional[float]
+settlement_date: Optional[datetime]

Future

+instrument_type: "Future”
+contract_size: Optional[int]
+expiration_date: Optional[datetime]

Bond

+instrument_type: "Bond"
+coupon_rate: Optional[float]
+maturity_date: Optional[datetime]
+issuer: Optional[str]

Figure 13: Class diagram of the initial Portfolio schema, showing the top-level Portfolio containing a
collection of Instrument objects, each subclassed into specific security types (Equity, Bond, Future, Forward,
Swap, Option) to capture their unique attributes.

244



# Prompt template for Recommender Agent, using batch size parameterization

1
2
3| def recommender_agent_prompt(
4 portfolio_schema: dict,
5 unmatched_holdings: list,
6 batch_size: int,

7 start: int = 0,

8 previous_suggestions: list = None
91):

10 return
11|You are a schema refinement assistant for financial tables. Your task is:

12| - Review a batch of {batch_size} unmatched financial holdings.

13| - Given the current schema (JSON below), propose new classes or modifications so each holding
14 can be classified.

15| - If a holding matches a previously suggested class, propose new optional fields if needed.
16 | - Return your schema suggestions as a list of Pydantic SchemaSuggestion model objects.

nnn

18 | Current Portfolio Schema:
19| {Portfolio.model_json_schema()}

21| Batch of unmatched holdings:
22 [ {unmatched_holdings[start : start + batch_size]}

24 [ Previously seen suggestions (optional, from prior batches):
25 [ {previous_suggestions if previous_suggestions else None}

27 | For each unique holding, propose:

28 - A new schema class, or a modification to an existing class (add or refine fields).
29 |- Specify all required and optional fields with Python type hints.

30(- If similar to an earlier suggestion, mark only new fields as optional.

31 (- Provide a sample match (the original holding string).

32 (- Output format: a Python list of SchemaSuggestion objects, as defined below.

33"

34

35

36 | class SchemaSuggestion(BaseModel):

37 name: str # Name of new or modified schema class

38 suggested_schema: str # JSON schema for the instrument.

39 example: str # Example instrument seen in unmatched holdings

Figure 14: Recommender Agent schema suggestion prompt, output model, and example LLM response. The
agent sees a batched portion of unmatched holdings to recommend new alterations to the Portfolio schema. This
prompt is batch-specific and may include previous_suggestions for cross-batch refinement and de-duplication.
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Listing 3: Currency Forward Generated JSON Schema

0 NN R W N =

20
21
22
23
24
25
26
27
28
29
30
31

32
33
34
35
36
37
38
39
40
41
42
43
44
45

46
47
48
49

50
51
52

Figure 15: Left: Final Currency Forward JSON schema. Top right: Equivalent Pydantic model. Bottom right
Example input string and its extraction into schema fields. This demonstrates schema-driven parsing of text into
structured portfolio data. A currency forward contract is a financial instrument in the foreign exchange market that

Listing 4: Currency Forward Pydantic Model

"title": "Currency Forward”,
"type": "object”,
"properties”: {
"description”: {
"type": "string",
"title”: "Description”,
"description”: "Description or name
of the currency forward”
}’
"market_value"”: {
"anyOf": [
{ "type": "number” 3},
{ "type": "null” }
];
"title": "Market Value”,
"description”: "Market value of the
currency forward”,
"default”: null
}’
"instrument_type": {
"type": "string",
"title": "Instrument Type”,
"const"”: "Currency Forward”,
"default”: "Currency Forward”
}’
"currency_pair”: {
"anyOf": [
{ "type": "string"” },
{ "type": "null” }
:lr
"title": "Currency Pair”,
"description”: "Currency pair
involved in the forward contract”,
"default”: null
1,
"forward_rate"”: {
"anyOof": [
{ "type": "number"” 3},
{ "type": "null” }
:ly
"title"”: "Forward Rate”,
"description”: "Agreed forward rate”,
"default”: null
}’
"settlement_date”: {
"anyOf": [
{ "type": "string"”, "format":
"date-time"” 3},
{ "type": "null” }

"title": "Settlement Date”,
"description”: "Settlement date for
the currency forward”,
"default”: null
3
3

T R

[cBEEN B« NV |

17
18
19
20
21
22
23
24

26
27
28
29
30

class CurrencyForward(BaseModel):
description: str
market_value: Optional[float]
instrument_type: str = "Currency Forward”
currency_pair: Optional[str]
forward_rate: Optional[float]
settlement_date: Optional[datetime]

Listing 5: Refined Extraction

# Raw inputs

"Bought EUR Sold USD at ©.93035372 11/06/2024"
"Bought USD Sold GBP at 1.25473636 31/05/2024"
"Bought GBP Sold USD at ©.79368122 16/05/2024"

# Extracted as fields

{
"description”:"Bought EUR Sold USD at
0.93035372 11/06/2024",
"market_value": -282515.0,
"instrument_type"”: "Currency Forward”,
"currency_pair": "EUR/USD",
"forward_rate"”: 0.93035372,
"settlement_date"”: "2024-06-11T00:00:00"
3
{
"description”:"Bought USD Sold GBP at
1.25473636 31/05/2024",
"market_value"”: 20651.0,
"instrument_type": "Currency Forward"”,
"currency_pair": "USD/GBP",
"forward_rate”: 1.25473636,
"settlement_date”: "2024-05-31T00:00:00"
}’
{
"description”:"Bought GBP Sold USD at
0.79368122 16/05/2024",
"market_value”: 1429313.0,
"instrument_type"”: "Currency Forward"”,
"currency_pair": "GBP/USD",
"forward_rate": 0.79368122,
"settlement_date”: "2024-05-16T00:00:00"
3

locks in the price at which an entity can buy or sell a currency at a future date.
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PORTFOLIO STATEMENT (CONTINUED)
As at 31 December 2023

Holding o
Nominal value

POLAND - 0.39% (0.00%)

PLN329,000 Poland Government 0.25% 25/10/2026
PLNB06,000 Poland Government 1.25% 25/10/2030
PLNB22,000 Poland Government 1.75% 25/04/2032
PLN1,688,000 Poland Government 2, 1012024
PLN499,000 Poland Government 5.75% 25/04/2029
Total Poland
ROMANIA - 0.24% (0.00%)
IN1,035,000 Romania Government 3.25% 24/06/2026
RON175,000 Romania Government 3.65% 202
RON610,000 Romania Government 3.65% 24/09/2031
RONS90,000 Romania Government 4.75% 24/02/2025
RONA15,000 Romania Govemment 6.7% 25/02/2032

Total Romani

SOUTH AFRICA - 0.35% (0.00%)
Republic ofSouth Afica 8% 31/01/203(

Republic o South Afica 8.5% 31/01/2037
Republic o South Afica 8.75% 31/01/204
Republic ofSouth Afica 8.75% 28/02/2048
ZAR3, 143,167 Republic of South Africa 9% 31/01/204(
Total South Africa
THAILAND - 0.39% (0.00%)
THB3,761,000.00 Thailand Government 2% 17/06/2042
THB15,929,000.00 Thailand Government 2.125% 17/12/2026
76000000 Thailand Government 3 3% 17/06/2038
668,000.00 Thailand Government 3.4% 17/06/2036

000,00 Thailand Government 3.7

2
2061

THB836,000.00 Thailand Government 4.85% 17/06
Total Thailand
UNITED KINGDOM - 14.24% (28.21%)
£7,000000 UK Treasury 0% 08/01/2024
£9,500,000 UK Treasury 0% 22/01/2024
£2900,000 UK Treasury 0% 19/02/2024

£8,2000K

K Treasury 0% 29/04/2024
Total United Kingdom

UNITED STATES - 13.81% (5.56%)
US Treasury 4.125% 31/07/2028
JS Treasury 4.5% 15/11/2033
Total United States

Total Government Bonds

FUTURES - 0.18% ((0.28)%)
81 CBT US 10 Year Uitra uture March 2024
(28) CBT US Uitra Bond (CBT) March 2024
UX DAX Index Future March 2024
(CF Long Gilt Future March 20:
NYF Mini MSCI Emerging Market Future March 2024

Total Futures
OPTIONS - 0.04% (0.00%)
(27) 58P 500 Index Put Option 4250 February 2024
S8 500 Index Put Option 4 24

2

Total Options Contracts

Marketvolue
€000

1
15,362

26,567

62034

Figure 16: Holdings Table Example 1

Toalnet
assatsh

Market Coupon | Maturity
Quantity Value | Type Rate Date Tssuer Debt Type
Poland Government 0.25% 25/10/2026 320000 8000 | Debt 025 | 10252026 | Poland Government Government Bond
Poland Government 1.25% 25/10/2030 806000 127000 | Debt 125 | 10252030 | Poland Government Government Bond
822000 127000 | Debt 175 | 04252032 | Poland Government Government Bond
1685000 | 320000 | Debt 225 | 10252024 | Poland Government Government Bond
499000 103000 | Debt 515 Poland Government Government Bond
1035000 168000 | Debt 325 Romania Government Government Bond
175000 30000 | Debt 365 Romania Government Government Bond
610000 89000 | Debt 365
590000 101000 | Debt 415
415000 74000 | Debt 67
3362492 133000 | Debt 8
6131353 216000 | Debt 85 e
3011713 96000 | Debt 875 Republic of South Africa | Government Bond
3687306 116000 | Debt 875 Republic of South Africa | Government Bond
Republic of South Africa 9% 31/01/2040 3143167 105000 | Debt 9 Republic of South Africa | Government Bond
Thailand Government 2% 17/06/2042 3761000 74000 | Debt 2 Thailand Government Government Bond
Thailand Government 2.125% 171212026 | 15929000 | 363000 | Debt 2125 Thailand Government Government Bond
Thailand Government 3.3% 17/06/2038 3760000 90000 | Debt 33 Thailand Government Government Bond
Thailand Government 3.4% 17/06/2036 3668000 89000 | Debt 34 Thailand Government vernment Bond
Thailand Government 3.775% 25/06/2032 4334000 108000 | Debx 3775 2 | Thailand Government ment Bond
Thailand Government 4.85% 17/06/2061 836000 23000 | Debt 485 | 06172061 | Thailand Government Government Bond
UK Treasury 0% 0810112024, 7000000 | 6994000 | Debr 0 | 01082024 | UK Treasury Government Bond
UK Treasury 0% 2210112024, 9500000 | 9473000 | Debr 0 | 01222024 | UK Treasury Government Bond
UK Treasury 0% 19/0212024. 2000000 | 2880000 | Debt 0 | 02192024 | UK Treasury Government Bond
UK Treasury 0% 29/04/2024 8200000 | 8062000 | Debt 0 | 04292024 | UK Treasury Government Bond
US Treasury 4.125% 3110712028 13507300 | 10705000 | Debt 4125 | 07312028 | US Treasury Government Bond
US Treasury 4.5% 15/11/2033 19261400 | 15862000 | Debt 45 | 117152033 | US Treasory Government Bond

Figure 17: Debt Extracted

Market Expiration
Description Quantity Value Type Date
CBT US 10 Year Ultra Future March 2024 181 236000 Future 03/01/2024
CBT US Ultra Bond (CBT) March 2024+ -28 0 Future 03/01/2024
EUX DAX Index Future March 2024 8 -23000 Future 03/01/2024
ICF Long Gilt Future March 2024 -21 -4000 Future 03/01/2024
NYF Mini MSCI Emerging Market Future March 2024 100 130000 Future 03/01/2024
Figure 18: Futures Extracted
Market Expiration | Option
Description Quantity Value | Type Price Date Type
S&P 500 Index Put Option 4250 February 2024 27 | -13000 | Option | 4250 | 02/01/2024 Put
S&P 500 Index Put Option 4350 March 2024 27 | -40000 | Option | 4350 | 03/01/2024 Put
S&P 500 Index Put Option 4500 February 2024 27 36000 | Option | 4500 | 02/01/2024 Put
S&P 500 Index Put Option 4600 March 2024 27 94000 | Option | 4600 | 03/01/2024 Put

Figure 19: Options Extracted
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Asia Fund

Schedule of Investments as at 30 September 2024
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Figure 20: Holdings Table Example 2

‘ Quantity ‘

Market

‘ Exch.

Description Value Type
Whitehaven Coal 210649 1045544 Equity AU
China Merchants Energy Shipping (A) 835101 952512 Equity CN
Transocean 186877 801702 Equity us
China Merchants Energy Shipping 221199 252299 Equity CN
Franco-Nevada (USA) 15736 1950792 Equity CA
‘Wheaton Precious Metals 31475 1914624 Equity CA
Baoshan Iron & Steel (A) 1049711 1033923 Equity CN
Hindalco Industries 100895 910253 Equity IN
Zijin Mining Group (H) 66000 148118 Equity CN
Agnico Eagle Mines (US) 1244 99756 Equity CA
Container Corp of India 70391 769624 Equity IN
Techtronic Industries 32500 487513 Equity HK
Taiwan Semiconductor Manufacturing 68000 2053064 Equity ™
NAVER 15346 1976673 Equity KR
Galaxy Entertainment Group 408000 2027380 Equity HK
Yum China Holdings 37955 1729989 Equity CN
Focus Media Information Technology (A) 1342200 1342677 Equity CN
ANTA Sports Products 97200 1159888 Equity CN
Focus Media Information Technology 1094891 1095280 Equity CN
Sea ADR 9468 887814 Equity SG
Yum China Holdings 5300 248116 Equity CN
Kweichow Moutai (A) 9100 2238717 Equity CN
CP ALL (F) 739800 1501788 Equity TH
Universal Robina 437420 809466 Equity PH
Indofood CBP 165500 134750 Equity D
Kweichow Moutai (A) 100 24601 Equity CN
Bangkok Dusit Medic Service (F) 836100 777695 Equity TH
HDFC Bank 100285 2064120 Equity IN
HDFC Bank ADR 28877 1812609 Equity N
Hong Kong Exchanges & Clearing 29100 1199421 Equity HK
AIA Group 17000 149937 Equity HK
China Overseas Land & Investment 828000 1669841 Equity HK
Figure 21: Equities Extracted
Market Maturity
Decipion | cunits | e | 10 | ssuer | oo | Moo
CITI (Focus Media Int. Tech (A)) ELN 12/02/2026 711200 | 711451 ‘ Equity Linked Note | CITI Focus Media Inf. Tech (A) | 12/02/2026
UBS (Focus Media Inf. Tech () ELN 060272025 368898 | 369028 | Equity Linked Note | UBS | Focus Media Inf Tech (A) | 020672025
HSBC (Focus Media Inf. Tech (A)) ELN 16/05/2025 157600 | 157656 | Equity Linked Note | HSBC | Focus Media Inf. Tech (A) | 05/16/2026
Figure 22: ELNs Extracted
Market Forward | Settlement
Description ‘ Quantity Value ‘ Type ‘ Price Date
Bought EUR Sold USD at 0.90292802 16/10/2024 408560 2806 | Forward | 090292802 | 10/16/2024
Bought EUR Sold USD at 0.89751876 16/10/2024 18830 16 | Forward | 0.89751876 | 10/16/2024
Bought EUR Sold USD at 0.89544132 16/10/2024 13513 20 | Forward | 0.89544132 | 10/16/2024
Bought EUR Sold USD at 0.89300230 16/10/2024 21836 92 | Forward | 0.89300230 | 10/16/2024
Bought USD Sold EUR at 1.10609821 16/10/2024 12489 -101 | Forward | 1.10609821 | 10/16/2024
Figure 23: Forwards Extracted
‘ ‘ Market ‘ ‘ Contract ‘ Expiration
Description Quantity Value Type Size Date
MSCI Malaysia Index Future 20/12/2024 1590630 58275 Future 1590630 12/20/2024
IFSC Nifty 50 Index Future 31/10/2024 -674245 4628 Future 674245 10/31/2024
MSCI Thailand Index Future 20/12/2024 117630 3600 Future 117630 12/20/2024
S&P500 Emini Index Future 20/12/2024 -1448000 -25350 Future 1448000 12/20/2024

Figure 24:

Futures Extracted

‘ ‘ Market ‘ ‘ Opion ‘
Description Quantity | Value | Type | Underlying Type
Purchased Put Nvidia 95 2110372025 19250 | Optor jdia o5 | s | pu
Purchased Put Tiwan Semic Mi ADR 1 1 96 | Option | TaanSemicMigADR | 155 | 12202024 | Put
50 3011 3171 | Opiion | Tencent Holdings aso | w0 | can
13 | <4526 | Option | Aliaba Group Holding no | s | can
2 S| 5359 | Option | Techionic Industries s | s | can
02024 3| oo | option & | 10 cal
Waiten Call ALA Group 62.5 30102024 S| -tisét | Opion | AIA Group &5 | s | cal
‘Written Call NVIDIA 125 2110312025 55 | ssio0 | Opion | NVIDIA s | osinos | can

Figure 25: Options Extracted
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DWS Concept ESG Blue Economy

Forward currency transactions (short)

Open positons

Gash at bank

Domand deposits at Depesitary
(R depasits

120854365
Recivablesfrom shars certifcats transsctions 4255860
Total sssets ™ 204203406.97

56694760
Lisbiltiosfrom share certiicats transactions 74302551
Tota lsbitios 132541096
Net assets 302877996.01

At of th transact

Figure 26: Holdings Table Example 3
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Market

Description Value Type

USD/CHEF 0.1 million -1467.11 Forward
USD/DKK 0.4 million -627.32 Forward
USD/GBP 0.1 million -1408.9 Forward
USD/JPY 0.6 million -167.24 Forward
USD/NOK 1.6 million -6901 Forward
USD/SEK 0.2 million -505.44 Forward

Figure 27: Forwards Extracted

Market
Description Type Value
Cash at bank Other 1844776
Demand deposits at Depositary - EUR deposits Other 534181.49
Deposits in other EU/EEA currencies - Danish krone Other 74061.35
Deposits in other EU/EEA currencies - Norwegian krone Other 186487.92
Deposits in other EU/EEA currencies - Swedish krona Other 74121.02
Deposits in non-EU/EEA currencies - British pound Other 214117.1
Deposits in non-EU/EEA currencies - Hong Kong dollar Other 2061.23
Deposits in non-EU/EEA currencies - Japanese yen Other 2557.6
Deposits in non-EU/EEA currencies - Canadian dollar Other 81066.58
Deposits in non-EU/EEA currencies - Swiss franc Other 74577.41
Deposits in non-EU/EEA currencies - U.S. dollar Other 601544.3
Dividends/Distributions receivable Other 300071.97
Prepaid placement fee Other 879371.08
Receivables from exceeding the expense cap Other 22774.37
Other receivables Other 2326.23
Receivables from share certificate transactions Other 42598.6
Liabilities from cost items Other -566947.6
Liabilities from share certificate transactions Other -743025.51

Figure 28: Other Instruments Extracted
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A snapshot of our portfolio continued

Investment portfolio as at 30 September 2024

Ranking

- oaean

Valuation

Country 2024 %ot
2024 2023 company Sector oflsting £000_portfolio
T 2 NovoNordisk Pharmaceuticals and B Denmark 41,930 607
2 - asm Technology Hardwar Netheriands si7es 503
3 v oS Software an Germany siies s
4 4 TotalEnergies oil,Gas and Coal France 24622
5 19 Siemens General Industrials Germany 23,147
6 Bonks ttaly 23012
7 25 Deutsche Boerse Investment Banking and Brokerage Services  Germany 10,990
8 - MunichRe o Germany 10512 282
9 24 AnheuserBuschinBev  Be Belgium 5 273
10 cRH Construction and Materials reland 273
n Sanofi Pharmaceuticals and Biotechnology France 273
12 - enpParibas Bonks France 1781 258
1B 10 schneid France 17,102 249
W - Novartis Switzerland 1708 245
1 - Acon Switzerland 16833 243
® & Safran France 648 238
” National Grid UnitedKingdom 16,195 234
B 7 France 15578 225
18 Unted Kingdom 15,488 220
2 &

Louis Vuitton Personal Goods France 219
2 34 infineon Technology Hardware and Equipment Germany 215
2 ses Switzerland 207
2z international Netheriands 199
2 Spain 168
% - spain 176
26 - KonE Finland 176
27 Ryanair reland 173
28 16 Danone 160
29 - Roche Pharm Is and Biotechnology 168
30 9 Holcim onstr nd Materials 165
3 - ertishlong l Investment Trusts 183
2 - Westrack General Industrials. 180
33 Bonks 154
4 Personal Goods 150
35 D 150
£ Switzerland 147
37 France 142
£ Denmark 134
3 Chemicals Belgium 130
40 Anglo American Industrial Metals and Mining United kingdom 147
& - Hermes Personal Goods 109
42 - Rheinmetal Aerospace and Defence 108
43 - nestie Food Producers 104
44 - Galderma Pharmaceuticals and Biotechnology switzerland 102
a5 Bayer Pharmaceuticals and Biotechnology Germany 10
46 - stellantis Automabiles and Parts. Netheriands o082

Total listed equity investments at fair value 691,497 100.00

Jble aperational settlement of sales and purchases n the
Henderson European Trust plc Annual Report 2024 13

Figure 29: Holdings Table Example 4
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Description

Market
Value

Type

Novo Nordisk
ASML

SAP
TotalEnergies
Siemens
UniCredit
Deutsche Boerse
Munich Re
Anheuser-Busch InBev
CRH

Sanofi

BNP Paribas
Schneider Electric
Novartis

Alcon

Safran

National Grid
Airbus

Compass

LVMH Moét Hennessy Louis Vuitton
Infineon

SGS

ASM International
Cellnex Telecom
Aena

KONE

Ryanair

Danone

Roche

Holcim

British Land
Smurfit Westrock
BAWAG

Adidas
Beiersdorf

VAT Group
Saint-Gobain
DSV

Syensqo

Anglo American
Hermes
Rheinmetall
Nestlé

Galderma

Bayer

Stellantis

41930000
34798000
31184000
24622000
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Figure 30: Equities Extracted



Portfolio Statement

Holdingat Market Value % of net Holdingat Market Value % of net
15.1.23 £000's  assets 15.1.23 £000's  assets
Equities 98.78% (99.12%) oci 87,808 2398 024
Austria 1.13% (2.34%) QAGEN 879,188 36,463 370
Verbund 168,302 11,168 113 101,901 1034
11,168 113 Norway 2.72% (1.03%)
Belgium 6.17% (7.93%) Aer 8P 438,070 11,056 112
Ageas 636,980 20854 25 Mowi 1093259 15766 1.60
Azelis Group 621,02 13974 142 26,822 272
Galapagos 139674 5397 055 spain 3.55% (0.00%)
Umicore 526316 16565 168 Amadeus IT Group 266,403 13,491 137
60,790 617 CaixaBank 6213007 21527 218
Denmark 1.42% (272%) 35,018 355
Novozymes B 335786 13970 142 “Sweden 16.77% (15.56%)
13,970 142k 1263617 18364 186
Finland 6.91% (9.71%) Billerud 1817978 18,498 168
Fortum 2475101 28338 28 HektaB 2077018 11364 115
Neste 495924 19,882 202 Munters Group 1,521,430 12313 125
Outokumpu 4402518 19859 201 wycronic 492,329 7752 079
68,079 691 saabp 522982 16,880 7
France 10.74% (11.35%) skFe 1870356 27363 278
Carrefour 981,701 14413 146 Svenska
Danone 395,995 17454 177 Handelsbanken A 2919741 25123 255
Pernod Ricard 97.294 16726 170 Tele2s 2424889 17,979 182
Societe Generale 885,047 19377 197 Viaplay Group 8 550,681 9,641 098
isoft 165,257 16.77
Entertainment 666,784 12200 125 Switzerland 11.79% (12.03%)
Worldine 692,255 25562 259 CieFinanciere
105,822 1074 Richemont 408,985 49902 506
Germany 24.01% (21.76%) Novartis 609,263 45498 462
Bayer 82959 2218 428 SwissRe 253533 20755 211
Beiersdorf 307918 29865 303 116155 179
Fresenius 661,906 16613 169 Equities total 973,440 98.78
GEAGroup 621022 22,067 224 Forward Foreign Currency Contracts 0.00% (0.01%)
Knorr-Bremse 321,638 17,138 174 BuyCHF 21,876 Sell GBP 19,506
MTU Aero Engines 137059 27,000 274 31012023 o 000
Porsche Automobil Buy EUR 8,798 Sell GBP 7,757 31/01/2023 0 000
Holding Preference 510872 20911 253 BuyNOK 1,159 Sell GBP 97 31/01/2023 0 000
Siemens Energy 1,001,433 16767 170 Buy NOK 59,037 Sell GBP 4864 31/01/2023 0 000
Software 473266 10792 109 BuySEK 10,680 Sell GEP 847 31/01/2023 0 000
Wacker Chemie 93580 1105 113 BuySEK 17,730 Sell GBP 1,400 31/01/2023 0 000
Zalando 481,447 18,162 164 Sell CHF 384909 Buy GBP 343734
36,638 o1 31/01/2023 3 000
1l EUR P 1,799.71
‘B’:n“:';’: ;:Z::‘ s6%) Stlovaoss o By CoR TSR (25) 000
oup 2251106 18,185 185 zf‘/‘uﬁ‘%gg“ Buy GBP 5,381 o 000
18,185 185
Sell NOK 891,073 Buy GBP 74,527
Ttaly 1.38% (0.00%) 31/01/2023 0 000
Intesa Sanpaolo 673779 13635 138 sl sEK 5780426 Buy GBP 457941
13,635 138 31/01/2023 2 000
Netherlands 10.34% (13.03%) Sell SEK 84,348 Buy GBP 6,624 31/01/2023 0 000
ASM International 38474 9953 101 Forward Foreign Currency Contracts
BE Semiconductor adat (20) 0.0
Industries 533,800 30856 313 Portfolio of investments 973,420 9878
CNH Industrial 261421 3714 038 Netotherassets 12016 122
Koninklijke Philps 1,316,703 18517 188 Netassets attributable to unitholders 985,435 10000

The comparative percentage figures n brackets are as at 15 January 2022

75)  Schroder European Fund Annual Report and Accounts

Figure 31: Holdings Table Example 5
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Description

| Quantity | Market Value

Type

Verbund

Ageas

Azelis Group
Galapagos
Umicore
Novozymes B
Fortum

Neste
Outokumpu
Carrefour
Danone

Pernod Ricard
Societe Generale
Ubisoft Entertainment
Worldline

Bayer
Beiersdorf
Fresenius

GEA Group
Knorr-Bremse
MTU Aero Engines

Porsche Automobil Holding Preference

Siemens Energy

Software

‘Wacker Chemie

Zalando

Bank of Ireland Group
Intesa Sanpaolo

ASM International

BE Semiconductor Industries
CNH Industrial
Koninklijke Philips

OCI

QIAGEN

Aker BP

Mowi

Amadeus IT Group
CaixaBank

AAK

Billerud

Elekta B

Munters Group

Mycronic

Saab B

SKF B

Svenska Handelsbanken A
Tele2 B

Viaplay Group B

Cie Financiere Richemont
Novartis

Swiss Re

168302 11168000
636980 24854000
621052 13974000
139674 5397000
526316 16565000
335786 13970000
2175101 28338000
495924 19882000
4402518 19859000
981701 14413000
395995 17454000
97294 16726000
885047 19377000
666784 12290000
692255 25562000
829596 42218000
307918 29865000
661906 16613000
621022 22067000
321638 17138000
137059 27000000
510872 24911000
1001433 16767000
473266 10792000
93580 11105000
481447 18162000
2251106 18185000
6737795 13635000
38474 9953000
533800 30856000
261421 3714000
1316703 18517000
87808 2398000
879188 36463000
438070 11056000
1093259 15766000
266403 13491000
6213097 21527000
1263617 18364000
1817978 18498000
2077018 11364000
1521430 12313000
492329 7752000
522982 16880000
1870356 27343000
2919741 25123000
2424889 17979000
550681 9641000
408985 49902000
609263 45498000
253533 20755000
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Figure 32: Equities Extracted

Description

| Type | Market Value

Net other assets | Other |

12016000

Figure 33: Other Instruments Extracted



DWS Invest (IE) ICAV

DWS Customised Global Investment Grade Bond Fund*
PORTFOLIO OF INVESTMENTS (Unaudited)(continued)

As at 31 December 2024

No. of Fair Net Market Coupon Maturity
Shares Security Value USD Assets % Description Quantity | Vale | Type | Rate Date Issuer
a " CBT US 10 Year Ultra Future March 2024 181 236000 Future 4250 02/01/2024 Poland Government
Transferable securities (continued) CBT US Ultra Bond (CBT) March 2024+ 28 0 Fure | 4250 03/01/2024 | Poland Government
Corporate Bonds (continued) EUX DAX Index Future March 2024 8 23000 | Fure | 4350 03/01/2024
" . ICF Long Gilt Future March 2024 -21 000 Future 4500 02/01/2024
United States (continued) NYF Mini MSCI Emerging Market Future March 2024 | 100 130000 | Future | 4600 03/0112024
700,000 3.908% Wells Fargo & Co. 25/04/2026 697,829 0.88
600,000 5.350% Zimmer Biomet Holdings, Inc. 01/12/2028 609,607 077
30,602,469 38.52 4 .
Figure 35: Debt Extracted
Total corporate bonds 75,998,420 95.65
Total transferable securities 75,998,420 95.65
Financial derivative instruments
Futures contracts
Unreal{i;se_d ot ‘ ‘ Market ‘ ‘ Expiration
ain e L .
Broker Notional USD Assets % Description Quantity Value Type Date
(35) of US 10 Years Note Short futures Deutsche Bank
contracts Expiring 20 March 2025 A (3,869,414) 56,508 0.07 US 10 Years Note Short futures contracts -35 55508 Future 02/03/2025
(17) of US 5 Years Note Short futures Deutsche Bank US 5 Years Note Short futures contracts -17 11953 Future 31/03/2025
contracts Expiring 31 March 2025 AG (1,820,727) 11,953 0.02
Unrealised gain on futures contracts 67,461 0.09
Total futures contracts 67,461 0.09 Fi gure 36: Futures Extracted
Forward Foreign Exchange Contracts
Unrealised
Currency Buy Currency Sell Contract Gain Net
buy amount __sell amount __Cq date usD Assets %
Royal Bank of
usb 2,190,379 CAD 3,070,762 Canada 31/01/2025 53,468 0.07 Market Type Settlement
Deutsche Bank . .
USD 24869939 EUR 23,466,061 AG 31/01/2025 482,874 061 Description Quantity Value Type Date
Deutsche Bank
USD 3559616 GBP 2811466 AG s1/01/2025 43213 005 USD/CAD Forward Contract 1 53468 | Forward | 31/01/2025
Unrealised gain on forwards contracts 579,555 0.73 USD/EUR Forward Contract 1 482874 Forward 31/01/2025
Total forward foreign exchange contracts 570,585 073 USD/GBP Forward Contract 1 43213 Forward 31/01/2025
Total financial derivative instruments 647,016 0.82

Figure 34: Holdings Table Example 6
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Figure 37: Forwards Extracted



TAGQuant: Token-Aware Clustering for Group-Wise Quantization

Jaeseong Lee”, Seung-won Hwang”,
Aurick Qiao, Zhewei Yao, Yuxiong He
Snowflake Al Research, Seoul National University”

Abstract

Grouping, e.g., grouping channels, which is
widely used in current integer-based quantiza-
tion, has become essential for the emerging
MXFP4 format. Ideally, each group should con-
tain channels with similar quantization scales.
To guide such groups, existing work clusters
the channels using scalar proxy, ignoring the
token dimension, which we find suboptimal.
In this paper, we propose TAGQuant, a sim-
ple yet powerful enhancement for such “group-
wise” quantization. By strategically shuffling
channels to group those with similar token-wise
activation distributions, TAGQuant ensures bet-
ter clustering of large- and small-range values.
This shuffle operation is hardware-efficient,
and seamlessly integrated into the quantiza-
tion process with only 0.01x latency overhead.
TAGQuant reduces relative GSM8K error in
both INT4 and MXFP4 formats, by up to 86%
in Llama-3.1-8B-Instruct compared to base-
lines, validating the effectiveness of our chan-
nel shuffling approach for group-wise quantiza-
tion. Code is publicly available.

1 Introduction

A common challenge across both algorithmic and
hardware perspectives in large language model
(LLM) quantization is supporting “group-wise”
quantization— quantizing consecutive channels. Af-
ter its introduction (Shen et al., 2020; Yao et al.,
2022), it has been widely used in integer-based
quantization (Frantar et al., 2023; Ashkboos et al.,
2024b), though optional. Moreover, group-wise
quantization with a small group size of 32 is of-
ficially adopted in the recently proposed MXFP4
format (Rouhani et al., 2023). Therefore optimiz-
ing group-wise quantization for small group sizes
has become essential for quantization efficiency.
In this paper, we investigate how to optimize
group-wise quantization. The key problem is out-

“Work done while visiting Snowflake. Correspond to se-
ungwonh@snu.ac.kr

liers, which significantly expand the quantization
scale, which controls the range, or granularity, of
the quantization. These outliers increase granular-
ity, making the other values in the same group to
be undistinguishable after quantization.

Ideally, each group should contain channels with
similar quantization scales. To guide such groups, a
straightforward approach would be clustering chan-
nels with similar quantization scales, and use those
clustered channels in the same group.

Existing work to cluster the channels,
RPTQ (Yuan et al., 2023), identifies chan-
nels with similar quantization scales, with a scalar
proxy max; |aj.| per channel ¢, where a;. is
the activation of channel c¢ for jth token. We
argue it simplifies the activation values of each
channel too much, ignoring the token dimension.
Figure 1b with token dimension describes this
challenge— channel index reordered by a scalar
proxy alone (y-score in Figure la) does not
guarantee consecutive channels have similar
quantization scales, leading to high quantization
error within each quantization group.

To address this limitation, we introduce
TAGQuant, which captures finer-grained activation
dynamics, considering the token dimension. In-
stead of relying on the scalar values, we propose
to cluster vectors of token-wise activation distri-
butions, and then reorder them. We then apply a
dendrogram-based optimal leaf ordering algorithm
to reorganize channels, ensuring adjacent channels
exhibit similar token-wise distribution patterns. Af-
ter obtaining an ordering based on calibration data,
the ordering is then fixed for hardware efficiency.
In this new channel index, the consecutive channels
exhibits similar token-wise distribution (Figure 1c),
making it easier to quantize in groups.

* We propose TAGQuant, a method that sub-
stantially enhances group-wise quantization.

* Unlike the existing grouping optimization
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(a) 2D plot after RPTQ

(b) 3D plot after RPTQ

(c) 3D plot after TAGQuant

Figure 1: (a) RPTQ (Yuan et al., 2023) reorders by maximum value across token indices. However, when the token
index (y-axis) is also plotted as in (b), it is highly irregular— consecutive channels with similar proxy may not have
similar token-wise distribution, leading to high group-wise quantization error. (c) In contrast, TAGQuant clusters
channels well so that consecutive channels have similar token-wise distribution.

technique, we introduce a finer-grained strat-
egy using token-wise activation distributions
to optimize the grouping.

* Our newly introduced operation to materialize
TAGQuant incurs minimal overhead, adding
only 0.01x latency on A10 GPUs.

* Our approach significantly improves W4A4
quantization efficiency in both INT4 and re-
cently proposed MXFP4, demonstrating su-
perior accuracy retention on LLaMA-3 and
Phi-4.

+ Code is publicly available.'
2 Related Works
2.1 Post-Training Quantization (PTQ)

Quantization techniques for neural networks gen-
erally fall into two broad categories: Quantization-
Aware Training (QAT) and Post-Training Quan-
tization (PTQ). QAT fine-tunes the model while
emulating low-precision arithmetic for weights and
activations. However, QAT requires additional
computational resources and data, which can be
prohibitively expensive for very large models. In
contrast, we focus on PTQ, with the benefit of pre-
trained models to lower precision after full training,
without updating its weights. PTQ is appealing
because it requires no additional gradient-based
training— becoming more practical in the LLM era.

Round-to-Nearest (RTN) RTN is the most naive
PTQ technique. After scaling numbers into the
allowed range of k-bit format, it simply rounds the
given scaled number to the nearest k-bit number.

"https://github.com/thnkinbtfly/TAGQuant

2.2 Activation Outliers in PTQ

Efficient low-bit quantization of large models has
prompted many techniques to deal with the effect
of activation outliers— the large-magnitude values
that distort quantization. The following solutions
have been proposed:

Mixed-Precision LLM.int8 (Dettmers et al.,
2022) splits out the most extreme activation chan-
nels to 16-bit while quantizing the remaining values
to 8-bit. QUIK (Ashkboos et al., 2024a) similarly
extracts the outlier channels to use 16-bit while
quantizing the remaining channels to 4-bit. Unlike
LLM.int8, they fix channel indices for hardware
acceleration.

Channel Scaling SmoothQuant (Xiao et al.,
2023) migrates the quantization difficulty from ac-
tivations to weights via a rescaling transformation.
They smooth out activation outliers, making their
distributions more uniform, by offloading each ac-
tivation’s scale into its corresponding weight. Sim-
ilarly, AWQ (Lin et al., 2024) identifies a small
subset of particularly sensitive weight channels by
analyzing activation statistics. They amplify those
weight values before the weight-quantization.

Rotation-Based QuaRot (Ashkboos et al.,
2024b) applies the Hadamard transformation,
whose matrix is a rotation matrix, to remove
outliers from hidden representations.  This
redistributes the variance of extremely large
activation components across many dimensions.
This rotation is computationally invariant.

Distinction We focus on optimizing the group-
ing, which can be orthogonally applied with each
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of these techniques. Moreover, while these algo-
rithms were mainly evaluated on integer-based for-
mat only, we evaluate the algorithms on MXFP4
with weight 4bits and activation 4bits (W4A4) for-
mat as well.

2.3 Optimizing the Grouping for Outliers

RPTQ (Yuan et al., 2023) identifies outlier channels
based on scalar proxies. Based on this information,
they reorder the channels to cluster channels with
similar quantization scales.

However, their simplified optimization ignores
the token-wise distribution patterns (Figure 1). In
contrast, we leverage token-wise activation distri-
butions to optimize the grouping. This results in a
better grouping strategy, boosting the benchmark
performances (Table 3).

3 Proposed Method

3.1 Preliminaries
3.1.1 Integer-based Group-wise Quantization

Integer-based quantization has been popular with
various algorithmic support (Shen et al., 2020; Yao
et al., 2022; Frantar et al., 2023; Xiao et al., 2023;
Lin et al., 2024; Ashkboos et al., 2024a) and hard-
ware support such as Ampere GPUs (NVIDIA,
2020). Among symmetric quantization and asym-
metric quantization, we use asymmetric quantiza-
tion as default, following Gong et al. (2024).

Integer-based group-wise quantization groups
every consecutive k elements, and each group
shares a scale, and zero-point value. Formally,
let {z1,..., 1} be the set of real numbers in one
group. INT4, for example, encodes this group as
(S, z,{qi}), where S is the scale, z is the zero-point
value, and each ¢; is the 4-bit value for x;. The real
value is reconstructed as x; ~ S x (¢; + z). The
scale S and zero-point z can be typically obtained
as:

z = min x; (D

2

max r; — minz;
24 —1

S =

3.1.2 MXFP4 Quantization

MXFP4 is a 4-bit format defined by the recent OCP
standard for low-precision deep learning (Rouhani
et al., 2023). In an MXFP4 representation, a tensor
is divided into groups of £k = 32 elements each,
and each group shares a single 8-bit scale of ESMO
format while storing individual values in a 4-bit

of E2M1 format (Rouhani et al., 2023). Formally,
let {z1,...,x32} be the set of real numbers in one
group. MXFP4 encodes this group as (S, {¢;}),
where S is the ‘shared scale’ and each g; is the
4-bit value for ;. The real value is reconstructed
as x; =~ S x ¢;. The shared scale S can be typically
obtained as:

S = [logy (max |2;])] 3)

3.1.3 QUIK

QUIK (Ashkboos et al., 2024a) compresses the
majority of weight parameters and activation values
to 4-bit, but keeps a small subset of outlier elements
in higher precision (e.g. 16-bit) for accuracy. With
calibration data, they first identify which channels
tend to produce extreme values, and use higher
precision for those channels afterwards, which is
orthogonal with group optimization such as RPTQ
or our work. They also implement GPU kernels
to efficiently support this mixed-precision format,
getting up to 3.4x throughput improvement over
FP16.

3.2 TAGQuant

We highlight three key contributions of TAGQuant
in each subsections.

1. Capturing finer-grained activation dynamics
of token-wise activation distributions,

2. Tailoring the algorithm for INT4 or MXFP4
format.

3. Proposing channel shuffling to mitigate the
discrepancy in a hardware-efficient manner,

3.2.1 Capturing Finer-Grained Activation
Dynamics: Token-Wise Distribution

The activation outliers of each channel are typi-
cally estimated by the maximum absolute values
of the activations (Yuan et al., 2023; Xiao et al.,
2023). We observe that this coarse-grained anal-
ysis leads to suboptimal grouping for group-wise
quantization (Table 3) To find out why, we investi-
gate the maximum absolute value of the activations
(Figure 1a), and depict the absolute values by pre-
serving the token index (y-axis in Figure 1b), on
RPTQ-sorted Llama-3.1-8B-Instruct. As already
discussed, the existing group optimization tech-
nique, RPTQ (Yuan et al., 2023), ordering by the
maximum absolute values (Figure 1a) fails to cap-
ture token-wise distribution (Figure 1b).
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Llama-3.1-8B-Instruct bits| GSM8K
Original 16| 81.7
RTN 4 | 60.5
QuaRot (Ashkboos et al., 2024b)| 4 | 57.6
SmoothQuant (Xiao et al., 2023)| 4 | 60.7
QUIK (Ashkboos et al., 2024a) | 4 | 77.6

Table 1: Accuracy(%) of downstream tasks of various
quantization algorithm on W4A4 MXFP4 with Llama-
3.1-8B-Instruct.

GSM8K GPQA DROP MGSM
b — 198 RTN 70.2 225 477 47.6
QuaRot| 722 28.6 43.0 42.7
b — 32 RTN 791 279 54.6 59.0
QuaRot| 71.6 225 53.6 494

Table 2: Accuracy(%) of downstream tasks of quantiza-
tion algorithms on W4A4 INT4 format with Llama-3.1-
8B-Instruct, varying the group size (k). QuaRot suffers
when group size becomes smaller.

Therefore, we propose to compare the distribu-
tions in a finer-grained manner— using a calibration
dataset, we compare the token-wise distributions d,.
per channel ¢, to determine channels with similar
scales per token.

3.2.2 Tailoring Token-Wise Distribution (d.)

We now materialize the mapping f for channel
shuffling. Formally, consider the input activation
a; j.c, where i is the batch index, j is the token
index, and c is the channel index.

Tailoring d. for MXFP4 To find channels with
similar token-wise distributions, we aim to model
d. as the histogram of the scale values across the
batch. We first get the scale value extending Eq. 3:

Sije = |logg |ai el “

Considering the scale value .S; ; . uses 8-bit in
MXFP4, we can cheaply obtain the token-wise

scale histogram d. = (fo,0.c; -, fas5,N,c) per
channel c as follows:

fm,j,c = Z ]l(Si,j,c = m) (5)

where N is the sequence length, and 1 is the indi-
cator function.

Tailoring d. for INT4 Unlike MXFP4, the scale
value and the zero-point value are not restricted
to 8-bit in INT4. Therefore, we concatenate all

the activation values across the batch to model the
token-wise distribution per channel. We simply
model token-wise distribution d, per channel c as
follows:

de = (@0,0,¢,@0,1,¢,"** B, N,c) (6)

where B is the batch size.

Obtaining Shuffle Ordering f From d. Now
we aim to derive the shuffle ordering so that the
channels in the same group tend to have similar
scales, lowering the quantization error per each
group.

First, to cluster channels with similar vectors of
d., we draw a dendrogram of d, using the UPGMA
algorithm (Sokal and Michener, 1958).

We use the L? distance as the distance metric
between two vectors of d.. The distance between
two channels ¢ and cs, or two clusters of channels
C4 and (5, are defined as:

D(Clac2) = Hdc1 - d62H2 (7

D(Cy,Cy) = ‘C'1|1|C'2| Z Z D(cy,c2)

c1€C c2eCo
3)

At each step, the two closest clusters are merged
until all channels are merged into a single cluster.

Appendix A reports our empirical selection of
this algorithm and use of L? distance.

Now, we want to derive the mapping f from
the ordering of the leaf nodes of the obtained den-
drogram. Among diverse equivalent dendrograms,
we choose one by applying a leaf ordering algo-
rithm optimized for hierarchical clustering (Bar-
Joseph et al., 2001) to ensure the adjacent channel
indices have similar token-wise scale distribution.
Finally, we obtain the index mapping for shuffling
f(¢;) = 1 where ¢; is the original channel index of
the /th leaf in the dendrogram. Figure 1c shows that
TAGQuant clusters channels well to make token-
wise distribution of consecutive channels similar.

3.2.3 Hardware-Efficient Channel Shuffling

Shuffling channels may seem to incur additional
overhead, but we restrict mapping f to be fixed,
then we can fuse the shuffling into the quantization
kernel provided in QUIK (Ashkboos et al., 2024a)
implementation. Our experiments show that there
is no noticeable latency overhead (Table 5).

4 Experiments

In this section, we aim to address the following
research questions:
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Llama-3.1-8B-Instruct
bits| GSM8K GPQA DROP MGSM|GSM8K GPQA DROP MGSM

Phi-4-14B

Original 16| 81.7 328 59.7 67.1 | 934 516 690 822
QUIK (Ashkboos et al.,2024a) | 4 | 77.6 259 571 580 | 92.6 446 68.0 80.7
QUIK+RPTQ (Gong et al., 2024)| 4 | 77.8 28.1 56.5 58.1 | 929 442 683 80.8
QUIK+TAGQuant 41 8.0 29.7 568 589 | 936 464 69.0 814

Table 3: Accuracy(%) of downstream tasks of various quantization algorithm on W4A4 MXFP4 format (group size

k = 32).

* RQ1: Does TAGQuant improve the perfor-
mance?

¢ RQ2: Does TAGQuant overcome the fail-
ure cases of existing INT4 or MXFP4 W4A4
quantizaiton?

* RQ3: Is TAGQuant optimized for hardware
efficiency?

* RQ4: Does TAGQuant reduce the activation
variance within each group?

We employ LLMs over diverse families and
scales: Llama-3.1-8B-Instruct (Dubey et al., 2024),
and Phi-4-14B (Abdin et al., 2024).

Tasks and Datasets We evaluate with GSM8K
8-shot CoT (Cobbe et al., 2021), a math reason-
ing dataset; GPQA 0-shot CoT (Rein et al., 2024),
a graduate-level QA dataset; DROP 3-shot (Dua
et al., 2019), reading comprehension dataset; and
Multilingual GSM 0-shot CoT (Shi et al., 2023),
which is a multilingual math reasoning dataset. For
calibration data, we follow the setting of Gong et al.
(2024).

Implementation Details To evaluate, we ex-
tend LM-EVALUATION-HARNESS? (Gao et al.,
2021) to use the prompts used by Llama-3.1 se-
ries.? To simulate MXFP4 quantization, we extend
LLMC (Gong et al., 2024) framework to support
MXFP4 format. Implementations of all baselines
are adopted from LLMC. Following Ashkboos et al.
(2024a), for QUIK, we use higher bits for the last
linear layer in each MLP layer (e.g. 16-bit in our
implementation), and use 256 channels as 16-bit
for each linear layer. For INT4 quantization, we
use group size k = 32 as default following MXFP4
format, while we will also investigate k = 128 for

2https://github.com/neuralmagic/
Im-evaluation-harness/tree/llama_3.1_instruct

3https://huggingface.co/datasets/meta—llama/
Llama-3.1-8B-Instruct-evals/

GSM8K GPQA DROP MGSM
Original (16bits)| 81.7 32.8 59.7 67.1
QUIK 799 28.8 55.1 626
QUIK+ShuffleQ| 81.6 31.9 58.0 64.9

Table 4: Accuracy(%) of downstream tasks of various
quantization algorithm on W4A4 INT4 format with
Llama-3.1-8B-Instruct (group size k = 32).

N =4096 N =8192
0.801 2.021
0.792 2.009

TAGQuant
- channel shuffling

Table 5: Latency (ms) comparison of N x N mixed-
precision matrix multiplication with and without chan-
nel shuffling.

RQ2. All evaluations are done on one H100-80GB,
requiring less than 6 hours.

Comparisons
ods:

We compare the following meth-

* Round-To-Nearest (RTN) directly quantize
without outlier mitigation.

* QuaRot (Ashkboos et al., 2024b) mitigates
outliers by rotating with hadamard matrix.

* SmoothQuant (Xiao et al., 2023) mitigates
outliers by channel scaling.

¢ QUIK (Ashkboos et al., 2024a) extracts out-
lier channels and use high bits for them.

* TAGQuant groups channels with similar acti-
vation distributions upon QUIK.

4.1 Experimental Results

RQ1: TAGQuant Improves the Performance
Based on Table 1, we mainly compare upon QUIK
as the most competitive baseline.

Table 3 shows that TAGQuant outperforms all
the baselines in MXFP4 quantization— For example,
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Figure 2: Activation distribution after applying RPTQ and TAGQuant on a test dataset, GSM8K.

Average std
QUIK 0.1605
QUIK+RPTQ 0.1603
QUIK+TAGQuant 0.1572

Table 6: Average standard deviation of the errors within
quantization groups.

TAGQuant lowers the error in GSM8K by 56%
(-3.9%p to -1.7%p) and GPQA by 34% (-4.7%p
to -3.1%p) compared with the toughest baseline,
QUIK+RPTQ, on Llama-3.1-8B-Instruct.

Table 4 shows that TAGQuant outperforms all
the baselines in INT4 quantization as well- For
example, TAGQuant lowers the error in GSM8K
by 86% (-0.7%p to -0.1%p) and GPQA by 82%
(-5.1%p to -0.9%p) compared with the toughest
baseline, QUIK, on Llama-3.1-8B-Instruct.

4.1.1 RQ2: Failure Cases of Existing
Algorithms on W4A4

Coarse-grained Clustering (RPTQ) The sec-
ond and third rows of Table 3 show that the clus-
tering of RPTQ provides only marginal improve-
ment. In contrast, TAGQuant provides stark im-
provements, as described in RQI1.

Small Groups Table 1 shows the weakness of
QuaRot (Ashkboos et al., 2024b). To investigate,
we compared QuaRot performance varying the
group size in Table 2. We find QuaRot suffers
when a small group size is used, which is consis-
tent with the recently reported result by Lee et al.
(2024). This points out the unique challenge of
quantizing LLMs into emerging hardware, such
as MXFP4, which constrains group size to be as
small as 32. In contrast, TAGQuant works well for
the small group size as well (Table 3,4), such as

required in MXFP4.
4.1.2 RQ3: Hardware-Efficiency

To compare the latency, we compile the kernels
of QUIK and QUIK+TAGQuant on an Ampere
GPU (A10), where QUIK kernel is originally de-
signed for. We measure the latency of N x N
mixed-precision matrix multiplication, following
the setting of QUIK (Ashkboos et al., 2024a).

Table 5 shows only the negligible overhead of
the fused shuffling operation.

4.1.3 RQ4: Variance Reduction

To validate that TAGQuant reduces the activa-
tion variance within each group, we compare the
standard deviation of the activation values within
each group before and after applying TAGQuant.
Table 6 shows that TAGQuant reduces the stan-
dard deviation of the activation values within each
group, compared to RPTQ (Yuan et al., 2023) and
QUIK (Ashkboos et al., 2024a).

On a test dataset, GSMS8K, we also plot the acti-
vation distribution before and after applying RPTQ
and TAGQuant in Figure 2. Figure 2 shows that
TAGQuant indeed clusters the token-wise distri-
bution better, reducing the variance within each

group.
5 Conclusion

In this work, we introduced TAGQuant, a quan-
tization strategy to optimize the grouping for
group-wise quantizations. By strategically shuf-
fling channels based on predetermined index pairs,
TAGQuant groups channels with similar token-
wise distributions. This ensures that large- and
small-range values are effectively clustered. Our
experiments demonstrated improvement on Llama-
3.1 and Phi-4.
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Limitations

While TAGQuant is promising, we observe noti-
cable degradation in the multilingual benchmarks,
such as MGSM. Also, considering the MXFP4 for-
mat is not widely adopted yet, the real impact of
TAGQuant on production systems remains to be
seen.

Despite these promising results, its impact on dif-
ferent model architectures and activation patterns
warrants further investigation. Future directions
include extending TAGQuant to mixed-precision
settings and exploring alternative grouping strate-
gies that further optimize activation distributions
for group-wise quantization.
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Clustering Algorithm dist | GSM8K
KMeans L? 78.5
UPGMA L? 80.0
UPGMA L 78.8
WPGMA L 77.1
UPGMC L 76.1
WPGMC L 78.0
Nearest point L' 77.8
Farthest point L' 78.2
Ward variance minimization L' 78.1

Table 7: Comparison of various clustering algorithms
and distance metrics.

A Validation of Our Clustering
Algorithm

Table 7 validates our selection of L2 distance and
UPGMA Clustering Algorithm.

B Hyperparameter Selection

To compare the hyperparameter selection, we vary
the sample size and sequence length in Table 8. As
expected, when sequence length gets longer and
longer, the performance tends to improve. Vary-
ing the number of the samples leverages different
quality of samples, leading to varying performance
numbers.

We also compare the group size in Table 9. Our
focus was using small group size k, where 32 is
popularly used in the emerging architectures. As
expected, larger k value diminishes the effective-
ness of TAGQuant.
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Sample size Sequence length | GSMS8K GPQA DROP MGSM | avg
128 2048 0.816 0319 0.580 0.649 | 0.5910
128 1024 0.823 0.317 0581  0.642 | 0.5908
128 512 0.813 0.275 0.583  0.640 | 0.5778
256 2048 0.792 0.288 0.582  0.629 | 0.5728
64 2048 0.786 0.261 0.588  0.649 | 0.5710

Table 8: Effect of sample size and sequence length on Llama-3.1-8B-Instruct with INT4 quantization.

GSM8K GPQA DROP MGSM
QUIK+TAGQuant 76.8 30.6 55.2 61.7
QUIK 77.2 30.1 56.2 62.0

Table 9: Comparison of QUIK and QUIK+TAGQuant on larger group size, such as k = 128.
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Abstract

Finding optimal configurations for Retrieval-
Augmented Generation (RAG) pipelines via
grid search is computationally prohibitive, lim-
iting real-world scalability. We investigate
Bayesian Optimization (BO) as an efficient al-
ternative, systematically comparing seven BO
strategies combining four surrogate models
and two multi-fidelity methods across FiQA,
SciFact, and HotpotQA datasets. Our frame-
work explores both global pipeline and local
component-wise optimization, targeting final
RAG performance and resource efficiency. Our
results show that BO reduces optimization time
by up to 84% compared to grid search while
maintaining comparable accuracy, with local
optimization offering the most practical bal-
ance for deployment. Notably, performance
gains plateau with larger evaluation budgets,
suggesting that moderate resource investments
suffice for effective RAG tuning. We provide
actionable guidelines that empower industry
practitioners to efficiently configure and de-
ploy high-performing RAG systems under real-
world constraints.

1 Introduction

Given its effectiveness in incorporating custom
data, Retrieval Augmented Generation (RAG) has
quickly found its place in Enterprise Al applica-
tions that require domain-specific knowledge to
be injected into a Large Language Model (LLM).
Achieving optimal performance through RAG re-
quires careful configuration of multiple compo-
nents, including retrievers, rerankers, filters, com-
pressors, and generators. Given the vast array of
optimization strategies and associated hyperparam-
eters, finding optimal configurations through grid
search becomes computationally prohibitive as the
search space grows exponentially with each added
component. This often hinders enterprises from
easily scaling their RAG applications, especially
with the constant surge of newly available models.

AutoRAG (Kim et al., 2024) introduces automated
configuration selection but relies on a grid search
that cannot efficiently handle continuous parame-
ters or leverage information from previous evalua-
tions to guide the search process.

Bayesian Optimization (BO) is a global opti-
mization technique that models the objective func-
tion using a probabilistic surrogate (typically Gaus-
sian Processes or tree-based models) and selects
configurations by balancing exploration and ex-
ploitation (Jones et al., 1998; Shahriari et al., 2016).
BO has been widely used in hyperparameter opti-
mization of Machine Learning models, and now
recent work (Fu et al., 2024; Barker et al., 2025;
Aravind, 2024; Conway et al., 2025) has focused
on applying BO to RAG pipeline tuning. However,
existing approaches typically optimize only limited
hyperparameter subsets rather than the full config-
uration space, and no systematic comparison ex-
ists of different BO algorithms for RAG optimiza-
tion. Furthermore, the trade-offs between global
pipeline optimization versus local component-wise
optimization remain unexplored, and how optimiza-
tion effectiveness varies across different dataset do-
mains is not well understood. We address these
gaps by extending AutoRAG with a comprehensive
BO framework that handles both discrete compo-
nent selection and continuous hyperparameter opti-
mization simultaneously. Our contributions are as
follows:

* We present a BO-driven optimization frame-
work that efficiently tunes the RAG compo-
nent and hyperparameters, striking a balance
between optimization time and RAG perfor-
mance.

* We compare seven BO strategies combining
four surrogate models (Random Forest, Tree-
structured Parzen Estimator, Gaussian Pro-
cess, and Heteroscedastic Gaussian Process)
with two multi-fidelity methods (Successive
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Optimization Strate
RAG Dataset s w/

Configuration Space

« Global Optimization or

« Local Optimization

Optimization Loop

« Sample Configuration

« Evaluate RAG Pipeline

+ Update Surrogate Model

Budget Reached?

Output Best Configuration +
Performance Metrics

Figure 1: Overview of our Bayesian Optimization frame-
work for RAG pipeline configuration. The framework
supports both global optimization (entire pipeline) and
local optimization (component-wise), using multiple
surrogate models and multi-fidelity methods. Config-
uration Space includes both pipeline components and
hyperparameters.

Halving and Hyperband) that terminate poorly
performing trials early.

* We systematically investigate global optimiza-
tion that treats the entire pipeline as a single
objective versus local optimization that inde-
pendently optimizes individual components.

* We evaluate these strategies across three
datasets (FiQA, SciFact, and HotpotQA) rep-
resenting different domains and complexity
levels.

2 Related Work

AutoRAG (Kim et al., 2024) introduced the first
end-to-end framework for automated RAG pipeline
optimization, spanning data preprocessing, com-
ponent selection, and evaluation through a node-
based architecture. It uses local grid search to op-
timize each component (retriever, reranker, gen-
erator) independently, assuming individually op-
timal modules form an optimal pipeline. How-
ever, this approach ignores cross-component inter-
actions and, due to its exhaustive and discretized
grid search, fails to efficiently fine-tune continu-
ous hyperparameters. Bayesian Optimization (BO)
has proven highly effective for hyperparameter
tuning in machine learning. Early systems such

as Spearmint (Snoek et al., 2012), Auto-WEKA
(Thornton et al., 2013), and Auto-sklearn (Feurer
et al., 2015) demonstrated BO’s superiority over
grid and random search by effectively handling
complex, hierarchical configuration space. Prior
work has explored various applications of Bayesian
Optimization in RAG pipeline tuning. AutoRAG-
HP (Fu et al., 2024) formulates hyperparameter
tuning as a multi-armed bandit problem, while re-
cent work (Barker et al., 2025) introduces multi-
objective optimization for cost and latency trade-
offs. RAGBuilder (Aravind, 2024) focuses on con-
tinuous hyperparameter tuning, and Syftr (Con-
way et al., 2025) performs large-scale Bayesian
optimization over agentic and non-agentic RAG
pipelines to discover Pareto-optimal configurations
balancing accuracy and cost. However, these ap-
proaches target limited subsets of hyperparame-
ters and lack systematic comparisons of BO algo-
rithms or optimization scopes, leaving open ques-
tions about the most effective strategies for com-
prehensive RAG pipeline optimization.

3 Methodology
3.1 RAG Pipeline

Our framework builds on AutoRAG’s modular
pipeline architecture and as shown in Figure 2
includes a RAG architecture of six main compo-
nents: 1) Retrievers that find relevant documents
from the corpus (Karpukhin et al., 2020; Robert-
son and Zaragoza, 2009), 2) Rerankers that re-
fine retrieval results (Nogueira and Cho, 2020),
3) Filters that remove irrelevant content, 4) Com-
pressors that reduce token usage (Xu et al., 2023),
5) Prompt makers that construct input prompts to
guide downstream inference (Liu et al., 2021) and
lastly 6) Generators that produce final responses
(Raffel et al., 2023; Radford and Narasimhan, 2018;
Ouyang et al., 2022). Additional details regarding
the individual pipeline components can be in Ap-
pendix A.

3.2 Bayesian Optimization Framework

Figure 1 provides an overview of our proposed
framework, illustrating how the RAG pipeline in-
tegrates with the Bayesian Optimization process.
The diagram summarizes the end-to-end workflow,
from input data and configuration space defini-
tion to the optimization loop and final selection
of Pareto-optimal configurations. Bayesian Opti-
mization provides an efficient approach to navigate
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Figure 2: Sequential RAG pipeline architecture with six processing stages from query to response generation.
Components marked with asterisks support pass-through functionality, enabling the optimizer to bypass stages when

they do not improve performance.

this complex configuration space by building prob-
abilistic surrogate models of the objective function
and using acquisition functions to balance explo-
ration of uncertain regions against exploitation of
known high-performing areas (Jones et al., 1998;
Shahriari et al., 2016).

We implement seven BO strategies by combin-
ing four surrogate models with multi-fidelity meth-
ods (Kandasamy et al., 2017). These strategies
leverage multiple optimization libraries and en-
compass a variety of surrogate models and multi-
fidelity techniques. Our framework includes both
traditional single-fidelity approaches and advanced
multi-fidelity variants that enhance sample effi-
ciency, alongside support for multi-objective op-
timization. Specifically, our multi-objective opti-
mization jointly targets performance quality and
resource efficiency. Unlike single-objective meth-
ods that solely maximize evaluation scores, this
approach balances performance against computa-
tional cost, enabling practitioners to identify con-
figurations that deliver strong results within limited
budgets (Deb et al., 2002; Coello Coello, 2006).
The optimization considers both final performance
scores and the time required to reach optimal con-
figurations, yielding Pareto-optimal solutions that
reflect different trade-offs between these objectives.

Surrogate Models Random Forest (RF) models
use ensembles of decision trees to handle mixed
discrete-continuous spaces effectively (Breiman,
2001; Lindauer et al., 2022). Tree-structured
Parzen Estimator (TPE) models the distribution of
good and bad configurations separately using ker-
nel density estimation (Bergstra et al., 2011; Akiba
et al., 2019; Falkner et al., 2018). Gaussian Pro-
cess (GP) provides a probabilistic framework with
smooth predictions and well-calibrated uncertainty
estimates (Rasmussen and Williams, 2005). Het-
eroscedastic Gaussian Process (HGP) extends GP
by modeling input-dependent noise, which is par-
ticularly useful when evaluation variance changes
across the configuration space (Cowen-Rivers et al.,
2022).

Multi-fidelity Methods Multi-fidelity methods
reduce computational cost by terminating poorly
performing trials early rather than evaluating all
configurations with the full budget. Successive
Halving (Jamieson and Talwalkar, 2015) allocates
equal initial budget to all configurations, then iter-
atively eliminates the worst half while doubling
resources for survivors. Hyperband (Li et al.,
2018) extends this by running multiple Successive
Halving brackets with different resource allocation
strategies, providing robustness across different op-
timization landscapes. These methods are partic-
ularly valuable for RAG optimization, where full
pipeline evaluation on complete datasets is expen-
sive.

3.3 Global vs Local Optimization

We investigate two fundamental optimization strate-
gies that differ in how they decompose the config-
uration problem. Global optimization treats the
entire RAG pipeline as a single black-box func-
tion, jointly optimizing all components and their
hyperparameters in one search. This approach can
capture interdependencies between components,
such as how retriever settings influence reranker
performance, but it must explore an exponentially
large joint configuration space that quickly be-
comes computationally expensive.

Local optimization, in contrast, follows a sequen-
tial component-wise strategy. Each component
is optimized independently using a fixed evalua-
tion budget, and the best-performing configuration
from one stage is passed forward to the next. This
avoids re-evaluating previously optimized compo-
nents while still allowing downstream modules to
adapt to upstream choices. Although this decom-
position cannot fully model cross-component in-
teractions, it substantially reduces search complex-
ity and runtime by focusing the optimization on
smaller, more manageable subspaces. The trade-
off between these strategies reflects a central ques-
tion in pipeline optimization: whether the added
expressiveness of global search justifies its greater
computational cost.
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3.4 Dataset

We evaluate our optimization framework across
three datasets that span diverse domains and rea-
soning requirements. FiQA (Maia et al., 2018) fo-
cuses on financial question answering and requires
domain-specific understanding of markets, invest-
ments, and economic concepts. SciFact (Wadden
et al., 2020) contains scientific claims with support-
ing or refuting evidence from biomedical literature,
demanding precise fact verification and technical
comprehension. HotpotQA (Yang et al., 2018),
used in our work via the BEIR benchmark suite
(Thakur et al., 2021), presents multi-hop reason-
ing questions that require aggregating information
from multiple documents.

3.5 Evaluation Metrics

We employ a comprehensive evaluation framework
that assesses both retrieval and generation quality,
tailored to the specific components of the RAG
pipeline.

Retrieval For retrieval evaluation (retriever,
reranker, and filter), we compute document-level
F1 scores by comparing the top-k predicted doc-
ument IDs against the ground-truth relevant IDs,
measuring how accurately the system identifies es-
sential evidence.

Compressor For compression, we initially used
token-level F1 to compare the compressed content
with reference passages, but found that it lacked
sensitivity to semantic preservation and contextual
relevance. As aresult, we adopted LLM-based eval-
uation, using large language models as judges to
assess the quality of compressed content in a more
human-aligned manner (Liu et al., 2023; Zheng
et al., 2023).

Generator For generation, we report the arith-
metic mean of four complementary metrics: BLEU
(Papineni et al., 2002), METEOR (Banerjee and
Lavie, 2005), ROUGE (Lin, 2004), and semantic
similarity (Aynetdinov and Akbik, 2024), capturing
both surface overlap and deeper meaning alignment
with reference answers.

RAG The final optimization objective combines
retrieval and generation scores equally (50/50), en-
suring balanced optimization across the pipeline.
We additionally validate final configurations us-
ing RAGAS(Es et al., 2025), which provides an
end-to-end RAG-specific evaluation framework.

Specifically, we employ the Faithfulness, Answer
Relevance, LLM Context Precision Without Refer-
ence, Context Recall, Factual Correctness, and Se-
mantic Similarity metrics for comprehensive post-
optimization validation.

4 Experimental Setup

Each optimization run is constrained to an evalu-
ation budget of 50 to 200 trials, informed by pre-
liminary experiments on sample efficiency. Each
dataset’s validation set consists of 200 randomly
sampled queries, selected to balance statistical re-
liability with computational efficiency. The 200-
query size ensures consistent evaluation across ex-
periments while keeping optimization runs com-
putationally feasible, with each 50-trial run pro-
cessing roughly 10,000 total queries through the
full RAG pipeline. Validation sets remain fixed
across all experiments to ensure fair comparison
between optimization strategies without variance
from query selection.

4.1 Baseline

We use RAG pipeline optimization using a grid
search as our baseline. However, global optimiza-
tion is intractable due to the full pipeline’s configu-
ration space exceeding 50 million possible com-
binations. Since exhaustive search is only fea-
sible in much smaller configuration spaces, we
limit grid search baselines to local optimization,
where component-level subsets can be fully ex-
plored. To approximate the upper-bound perfor-
mance of global search, we adopt a sequential local
grid search strategy: each component is optimized
in isolation, and its best configuration is fixed and
passed to the next.

4.2 Models

To ensure comprehensive evaluation, we test the
framework under two model configurations: (1)
API-based embedding, reranker, and generator
models, representing enterprise-grade proprietary
baselines, and (2) open-source models deployed lo-
cally using an Nvidia A100 GPU with compressor
modules leveraging OpenAl models, representing
a non-enterprise setting. This dual setup enables ro-
bustness testing across industrial and open-source
deployment contexts. For detailed model specifica-
tions, including embedding, reranker, and generator
models, please refer to Appendix B.
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5 Results and Discussion

This section addresses key aspects of Bayesian Op-
timization (BO) for Retrieval-Augmented Genera-
tion (RAG) pipelines. Due to space considerations,
we show complete RAGAS scores in Appendix F.

5.1 Comparative Analysis of Bayesian
Optimization Algorithms

Table 1 presents the full results for the compara-
tive analysis of Bayesian Optimization (BO) algo-
rithms across the SciFact, FIQA, and HotpotQA
datasets. Overall, the most consistent and robust
performance was obtained from SMAC3 with a
Random Forest surrogate and Optuna with the Tree-
structured Parzen Estimator (TPE). Both meth-
ods significantly outperformed random search and
other BO variants, achieving higher final scores
within comparable runtimes. SMAC3 with Ran-
dom Forest achieved the best overall results, while
Optuna-TPE provided a strong alternative with
slightly lower peak performance and stable behav-
ior across datasets. In contrast, multi-fidelity ap-
proaches such as SMAC3 with Successive Halving
or Hyperband and RayTune with TPE + Hyperband
did not perform reliably in this setting. Although
theoretically more efficient, these methods tended
to eliminate promising configurations too early due
to partial-budget evaluations, which failed to cap-
ture full configuration effectiveness under noisy
RAG metrics. Overall, the results indicate that full-
budget Bayesian optimization remains the most
effective strategy for RAG pipeline tuning under
constrained evaluation budgets. Consequently, sub-
sequent analyses focus on SMAC3 and Optuna-
TPE as representative optimizers. See Appendix C
for additional experimental analysis.

5.2 Scope of Bayesian Optimization in RAG
Pipelines

Table 2 summarizes the local and global optimiza-
tion, compared against the local grid search base-
line, which exhaustively evaluates all configura-
tions within each component. Each local optimiza-
tion run evaluated 20 configurations per component
using a sequential search strategy, while global op-
timization explored 50 configurations across the
entire pipeline due to its substantially larger con-
figuration space. Across datasets, both SMAC3
and Optuna TPE achieved comparable or higher
scores than the local grid search baseline while sub-
stantially reducing runtime. The most significant

Lib.* Surrogate  MF MO  Score Time
SciFact

SMAC3  RF+HB v v 0.5339  1hOlm
SMAC3  RF+SH v v 0.3998  49m

SMAC3 RF X v 0.6759  1h40m
Optuna TPE X v 0.6288  1h45m
Optuna GP X v 0.6278  1h22m
RayTune TPE+HB X 0.3637 1h12m
HEBO HGP X v 0.6226  2h25m
Optuna Rand. - - 0.5786  2h18m

FIQA

SMAC3  RF+HB v v 0.3926  1h03m
SMAC3  RF+SH v v 03564  47m

SMAC3 RF X v 0.4976 2h43m
Optuna TPE X v 0.4688  1h42m
Optuna GP X v 0.4168 2h22m
RayTune TPE+HB X 0.3913  3hllm
HEBO HGP X v 04111  2h30m
Optuna Rand. - - 0.3826  2h18m

HotpotQA

SMAC3  RF+HB v v 0.7137  1h20m
SMAC3  RF+SH v v 0.7224  1h39m
SMAC3 RF X v 0.7441 2h37m
Optuna TPE X v 0.7437  2h45m
Optuna GP X v 0.6716  1h52m
RayTune TPE+HB X 0.7112  2h13m
HEBO HGP X v 0.7105  2h55m
Optuna Rand. - - 0.7309  3h12m

* Libraries used: SMAC3 (Lindauer et al., 2022), Op-
tuna (Akiba et al., 2019), HEBO (Cowen-Rivers et al.,
2022), RayTune (Liaw et al., 2018).

Table 1: Comparison of Bayesian Optimization algo-
rithms (50-trial budget, Locally deployed models). Best
scores per dataset in bold. RF = Random Forest, HB =
Hyperband, SH = Successive Halving, GP = Gaussian
Process, HGP = Heteroscedastic GP, Rand. = Random
Search baseline, MF = Multi-Fidelity, MO = Multi-
Objective

efficiency gain was observed on the SciFact dataset,
where SMAC3 reduced total optimization time by
approximately 84% relative to grid search while
achieving near-equivalent performance. Global op-
timization exhibited higher variance and longer
runtimes but occasionally achieved slightly higher
scores than local grid search, particularly on Sci-
Fact. Overall, local optimization provided the best
balance between computational efficiency and ac-
curacy, confirming that sequential component-wise
Bayesian Optimization is an effective strategy for
RAG pipelines under realistic resource constraints.
Detailed component-wise scores and complete re-
sults for API-based models are presented in Ap-
pendix D.
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Method Opt Score Total Time
SciFact
Grid Search  Local  0.6159 8h36m
SMAC3 Local 0.5768 1h22m
Optuna TPE Local 0.5914 3h16m
SMAC3 Global 0.6313 4h25m
Optuna TPE Global 0.6265 4h02m
FIQA
Grid Search  Local  0.4682 8h35m
SMAC3 Local 0.4212 4h45m
Optuna TPE Local 04775 2h30m
SMAC3 Global 0.4464 9h09m
Optuna TPE  Global 0.4868 6h12m
HotpotQA
Grid Search  Local  0.6961 5h05m
SMAC3 Local  0.6975 1h48m
Optuna TPE Local  0.5873 1h09m
SMAC3 Global 0.5728 3h57m
Optuna TPE Global 0.5944 2h10m

Table 2: Comparison of local and global optimization
results across datasets (locally deployed models). Each
method was evaluated with 20 (local) or 50 (global)
trials. Combined scores and total optimization times are
reported. Opt refers to the Optimization Type.

5.3 Effect of Sample Size on Optimization
Efficiency

We evaluate if increasing the BO sampling budget
from 50 to 100 configurations influences RAG tun-
ing performance, with summary results shown in
Table 3. The random search baseline samples con-
figurations globally while respecting the pipeline’s
inter-component dependency constraints, providing
a broad but inefficient exploration of the configu-
ration space. Experimental Results outlined in Ap-
pendix E show that the impact of sample size varied
notably across datasets. On SciFact, larger bud-
gets yielded marginal improvements of less than
1%, indicating early convergence. FIQA showed
moderate gains of 4-6%, reflecting the benefits
of additional exploration in a sparse optimization
landscape. In contrast, HotpotQA exhibited a sub-
stantial improvement of over 15% with SMAC3,
suggesting that complex multi-hop reasoning tasks
profit from larger search budgets. Interestingly,
doubling the number of BO trials did not propor-
tionally increase total optimization time. This sub-
linear runtime growth indicates that BO becomes

Method Trials Best Score Time

Local Grid Search - 0.4682 8h35m
Global Random 200 0.4536 23h53m
SMAC3 50 0.4464 9h08m
SMAC3 100 0.4744 13h14m
TPE 50 0.4686 6h12m
TPE 100 0.4910 7h52m

Table 3: Effect of sample size on global optimization
efficiency for FIQA.

more sample-efficient as the search progresses, con-
centrating evaluations on promising regions of the
configuration space during later iterations. Despite
the varying gains, both SMAC3 and Optuna TPE
consistently outperformed the random-200 base-
line, achieving higher scores in less than half the
runtime. These results highlight that while larger
budgets can improve performance, BO’s adaptive
sampling enables strong results even under limited
evaluation budgets.

5.4 Dataset Characteristics and Optimization
Robustness

Our analysis shows that BO performance strongly
depends on the underlying characteristics of indi-
vidual dataset’s optimization landscape. SciFact
provides a smooth and well-structured optimization
landscape with clear performance gradients and
limited interaction between components. These
properties allow both SMAC3 and TPE to con-
sistently discover clusters of high-scoring, low-
latency configurations. As visible in Fig. 3a—3c,
BO methods produce dense Pareto fronts near the
upper score range, whereas Random-200 yields a
scattered set of trials with only a few competitive
points. FIQA exhibits a sparse and harsh landscape
in which most configurations score poorly, creating
a narrow band of viable solutions. This sparsity
makes random search highly unreliable, as seen in
Fig. 3f, where only a few Pareto-optimal config-
urations emerge. In contrast, TPE and SMAC3
(Fig. 3d-3e) efficiently identify and exploit the
small region of acceptable performance, forming
compact Pareto fronts around the 0.45-0.47 range.
HotpotQA presents a deceptive plateau where many
configurations achieve moderate scores, but few ap-
proach the global optimum. This landscape, com-
bined with strong inter-component dependencies,
causes BO optimizers to converge prematurely, pro-
ducing more diffuse and lower-quality Pareto fronts
(Fig. 3g-3h). Random search performs even worse,
revealing only a couple of valid trade-offs (Fig. 3i),
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Figure 3: Pareto front visualizations across all datasets comparing TPE-100, SMAC3-100, and Random-200
optimization methods. Red crosses indicate Pareto-optimal configurations balancing score and latency. Rows
represent different datasets (SciFact, FIQA, HotpotQA) while columns represent different optimization methods

(TPE, SMAC3, Random).

further highlighting the difficulty of locating opti-
mal configurations in this domain. In summary,
Bayesian Optimization thrives in domains with
clear performance gradients or sparse success re-
gions but struggles in deceptive, plateaued land-
scapes with strong component coupling.

6 Conclusion and Future Work

We evaluated Bayesian Optimization strategies for
tuning Retrieval-Augmented Generation (RAG)
pipelines across diverse datasets and model con-
figurations. SMAC3 and Optuna TPE consistently
achieved competitive performance under varying
conditions, both outperforming random and grid
search baselines. Across experiments, local op-

mization, maintaining near-baseline accuracy while
reducing total runtime by up to 84%.
ing the sampling budget from 50 to 100 config-
urations yielded only modest improvements, with
gains largely dependent on dataset characteristics.

Increas-

Our results show that moderate evaluation budgets
are sufficient for effective RAG optimization, as
larger sample sizes yield diminishing returns and

ments.

timization proved more practical than global opti-
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higher computational costs. These findings offer
actionable guidance for industry practitioners seek-
ing to efficiently configure and deploy high-quality
RAG systems at scale, especially under realistic
resource constraints. We see further automation,
dynamic adaptation, and multilingual extensions as
promising avenues for industry-ready NLP deploy-



7 Limitations

This work systematically evaluates Bayesian Opti-
mization strategies for tuning RAG pipelines, com-
paring multiple algorithms, optimization scopes,
and sampling budgets across diverse datasets and
model configurations. However, several important
limitations constrain the scope and generalizabil-
ity of these findings. The first limitation concerns
the evaluation process, which relies on language-
model-based scoring rather than human-annotated
ground truth. While this approach enables scalable
experimentation, it may introduce systematic bi-
ases and reduce the interpretability of the reported
performance differences.

A second limitation arises from computational
resource constraints, which restricted the number
of optimization trials and the sampling depth within
the vast configuration space. These constraints may
have prevented the discovery of globally optimal
configurations and limited the analysis of scala-
bility under larger budgets. Finally, the experi-
ments assume static data distributions and fixed
pipeline architectures, whereas real-world RAG
systems typically operate under dynamic, multilin-
gual, and continuously evolving conditions. Col-
lectively, these factors indicate that while the find-
ings provide meaningful insights into optimization
behavior, further validation is necessary for large-
scale and adaptive production deployments.
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A RAG Pipeline Details

Each component offers multiple implementation
choices with associated hyperparameters. For ex-
ample, retrievers must select both the retrieval al-
gorithm (dense, or sparse/BM25) and tune parame-
ters such as top_k. Rerankers similarly choose a
model type (e.g., cross-encoder) and set parame-
ters such as top_k or relevance thresholds. Filters
specify a filtering method (e.g., percentile, thresh-
old, or semantic similarity) and corresponding hy-
perparameters such as a percentile or score cut-
off. Compressors define the compression technique
(e.g., LexRank, spaCy-based) with hyperparam-
eters such as compression_ratio, threshold,
damping, and max_iterations, as well as the
choice of underlying linguistic model used for sen-
tence representation. Prompt makers employ vari-
ous prompt templates to formulate the final query
for the LLM, while generators adjust inference pa-
rameters such as temperature and max_tokens.

The overall configuration space thus combines cat-
egorical decisions (e.g., component types and al-
gorithm selections), continuous hyperparameters
(e.g., temperature, threshold values), and integer-
valued parameters (e.g., top_k), resulting in a high-
dimensional, mixed-type space that is challenging
to optimize exhaustively.

B Model Specifications

Locally deployed embedding, reranker, and gen-
erator models are listed in Tables 4, 5, and 6, re-
spectively. API-based embedding models and API-
based reranker/generator models are shown in Ta-
bles 7 and 8. Together, these tables summarize all
models used in our experiments across both open-
source and enterprise API settings.

C Additional Results: Comparative
Analysis of Bayesian Optimization
Algorithms

All optimizers were evaluated under an identical
budget of 50 trials per dataset, using locally de-
ployed models. Performance comparison focused
on best score achieved and optimization efficiency.
Consistent with the main results, SMAC3 with a
Random Forest surrogate achieved the highest over-
all scores, while Optuna with the Tree-structured
Parzen Estimator (TPE) provided a strong, stable
alternative. Multi-fidelity methods such as Hyper-
band and Successive Halving demonstrated shorter
runtimes but lower overall performance, confirm-
ing their reduced effectiveness in the RAG opti-
mization setting.

D Detailed Results: Local and Global
Optimization

Tables 9-12 provide detailed component-wise and
combined results for both local and global opti-
mization experiments across all datasets. A “/”
symbol indicates that a component was skipped
due to dependency constraints within the pipeline.
Specifically, the reranker’s top-k parameter must
not exceed the number of documents returned by
the retriever, and when the reranker’s top-k equals
1, the filter is omitted. These constraints ensure
valid and consistent configuration combinations
across all optimization runs.
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Model Checkpoint

BGE Small huggingface_baai_bge_small

RuBERT huggingface_cointegrated_rubert_tiny2
MPNet huggingface_all_mpnet_base_v2
BGE-M3 huggingface_bge_m3

Table 4: Locally deployed Embedding Models

Module Type Model / Checkpoint
castorini/monot5-base-msmarco-10k
castorini/monot5-large-msmarco-10k
unicamp-dl/pttS-base-en-pt-msmarco-100k-v2
unicamp-dl/mt5-base-mmarco-v1
upr -
colbert reranker -
cross-encoder/ms-marco-MiniLM-L12-v2
Cross-Encoder cross-encoder/ms-marco-TinyBERT-L2-v2
cross-encoder/stsb-distilroberta-base
BAAI/bge-reranker-large
BAAI/bge-reranker-base
BAAI/bge-reranker-v2-m3
BAAI/bge-reranker-v2-gemma
ms-marco-MiniLM-L-12-v2
flashrank_reranker ms-marco-MultiBERT-L-12
rank-T5-flan

monot5

BGE Reranker

BGE LLM Reranker

Table 5: Locally deployed Reranker Models by Module Type

Model Checkpoint

Llama 2 7B Chat meta-llama/Llama-2-7b-chat-hf

Llama 3.2 1B Instruct meta-llama/Llama-3.2-1B-Instruct

Phi-3 Mini 4K microsoft/Phi-3-mini-4k-instruct

Qwen 3 4B Qwen/Qwen3-4B

Qwen 2.5 1.5B Instruct Qwen/Qwen2.5-1.5B-Instruct

Gemma 2B google/gemma-2b

Gemma 3 1B IT google/gemma-3-1b-it

Gemma 2 2B IT google/gemma-2-2b-it

DeepSeek R1 Distill Qwen 1.5B  deepseek-ai/DeepSeek-R1-Distill-Qwen-1.5B
Llama 2 7B Chat AWQ TheBloke/LLlama-2-7B-Chat-AWQ
Llama 2 13B Chat AWQ TheBloke/LLlama-2-13B-chat-AWQ
CodeLlama 7B Instruct AWQ TheBloke/CodeLlama-7B-Instruct-AWQ
TinyLlama 1.1B Chat TinyLlama/TinyLlama-1.1B-Chat-v1.0

Table 6: Locally deployed Generator Models

Provider Model

OpenAl  text-embedding-3-large

OpenAl  text-embedding-3-small
OpenAl  text-embedding-ada-002
Google gemini

Table 7: API-based Embedding Models

273



Provider Model

. Mistral mistralai-large-instruct
Provider Model g
OpenAl gpt-3.5-turbo
Cohere cohere-rerank-v3.5 . .
Google Gemini-2.0-flash
(a) Reranker Model Anthropic  claude-4-sonnet
(b) Generator Models
Table 8: API-based Reranker and Generator Models
Method Query Exp. + Retriever ~ Reranker Filter Compressor  Prompt + Generator ~ Combined Time
SciFact Dataset
SMAC3 0.6702 0.7545 / 0.8025 0.5404 0.6715 6h06m49s
Optuna TPE 0.7643 0.7987 / 0.8497 0.4943 0.6720 5h53m49s
Grid Search 0.7747 0.8353 / 0.8702 0.5048 0.6875 18h43m34s
FIQA Dataset
SMAC3 0.3822 0.3822 / 0.7125 0.4373 0.5749 11h38m00s
Optuna TPE 0.4522 0.4537 / 0.7100 0.4172 0.5636 7h22m00s
Grid Search 0.4646 0.4777 / 0.7370 0.4245 0.5807 20h24m38s
HotpotQA Dataset
SMAC3 0.7858 0.7858 0.7858 0.7147 0.7055 0.7107 5h49m42s
Optuna TPE 0.9050 