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Abstract

Summarizing domain-specific and multi-
speaker conversations, such as political debates,
remains challenging under noisy ASR condi-
tions. In industrial contexts, large language
models (LLMs) are often impractical due to
resource and confidentiality constraints. This
work evaluates whether smaller LLMs (up to
8B parameters) can produce reliable summaries
in such settings. Experiments on French de-
bates show that noise significantly degrades
accuracy and readability, while fine-tuning on
clean, domain-related data improves robustness
and reduces hallucinations. We also analyze
person-name mentions as indicators of speaker
faithfulness, finding that fine-tuning can help
identify all speakers in far more debates than
chain-of-thought prompting. However, evalua-
tions on limited industrial data show that fine-
tuning still struggles to generalize to unseen
speakers and topics.

1 Introduction

Large Language Models (LLMs) have shown
strong performance on dialogue tasks, but their
growing size and computational cost limit real-
world deployment, especially in industrial settings.
Access to very large models is often restricted by
hardware, cost, and confidentiality constraints. In
our media and data-protection context, privacy re-
quirements prevent the use of external APIs, so
models must run locally, making large-scale de-
ployment expensive. Exploring smaller and more
accessible LLMs is therefore essential for cost ef-
ficiency and data sovereignty. Our task presents
additional challenges. We focus on summarizing
French political debates to extract speakers, dis-
cussion themes, and key arguments. Unlike casual
dialogues, debates involve multiple speakers de-
fending opposing viewpoints on complex topics.

In this work, we investigate how small LLMs
(up to 8B parameters) perform abstractive summa-

rization of these debates. Given the limited avail-
ability of French data and the noisy nature of ASR
transcriptions, we simulate realistic noise on a pub-
lic dataset. We compare three strategies: simple
prompting, chain-of-thought prompting, and fine-
tuning. Our contribution lies in evaluating the ro-
bustness of small-scale LLMs to noisy debate data
and analyzing the faithfulness of Named Entity Per-
son mentions, with a focus on speaker identification
accuracy.

2 Related Work

LLMs have achieved strong results in dialogue sum-
marization (Ramprasad et al., 2024), but their high
computational demands limit their use in industrial
contexts where speed, cost, and data privacy are
critical. Moreover, ethical and security concerns
remain central, as training and deploying LLMs
often involve sensitive or proprietary data (Yao
et al., 2024; Zhao and Song, 2024; Yan et al., 2024).
These challenges have encouraged the adoption of
smaller and more efficient models. Recent stud-
ies highlight that compact models, when properly
tuned or guided, can achieve competitive perfor-
mance on domain-specific tasks (Chen and Varo-
quaux, 2024; Wang et al., 2025).

In industrial applications, small LLMs have been
adapted successfully for tasks such as telephone
call summarization, where prompting and fine-
tuning methods were used to control length and
style (Thulke et al., 2024). However, real-world
data often contain transcription errors, missing
punctuation, and other noise. Previous work has
explored robustness to ASR errors in low-resource
domains, such as medical dialogues, by generating
synthetic noisy data to improve summarizer stabil-
ity (Binici et al., 2025). Earlier studies also tackled
ASR issues using sub-word and phonetic repre-
sentations (Li et al., 2018) or post-correction and
restoration models to recover proper punctuation
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and casing (Dixit and Kirchhoff, 2020). Our work
builds on these findings by evaluating how small
LLMs perform in noisy, debate-style dialogues and
by analyzing their faithfulness.

3 The Industrial Challenge: Noisy
Transcripts and Missing Speakers

3.1 Dataset

Our ASR transcriptions are generated by a WFST
based model using Kaldi implementation, and they
lack both casing and punctuation. In our industrial
setting, summarizing these debates is a key require-
ment. To study possible solutions, we relied on the
FREDSum dataset (Rennard et al., 2023), which,
to the best of our knowledge, is the only French
dataset containing debates with corresponding ab-
stractive summaries. To make FREDSum compa-
rable to our internal data, we converted its manual
transcripts into ASR-like transcripts that reproduce
the characteristics of our industrial system. First,
we concatenated each speech turn after removing
speaker mentions at the beginning of each turn, and
then applied typographical normalization. Next,
we introduced different types of noise by randomly
replacing some words with the out of vocabulary
token, inserting interjections, and substituting cer-
tain words with their phonetic equivalents using
our lexicon. Finally, to reproduce one of the spe-
cific artifacts of our production pipeline, we split
the resulting text into sequences and merged them
back to simulate interleaving errors observed in our
real transcriptions. An example of the original and
modified noisy transcript is shown in Table 1.

3.2 Experiments

For our experiments, we used four small-scale mod-
els; Flan-T5 large (Chung et al., 2024), the LLaMA-
3B (Grattafiori et al., 2024; MetaAI, 2024), Mistral-
7B-Instruct (Jiang et al., 2023) and a distilled
version of Deepseek’s model based on LLaMA
3.1–8B, namely DeepSeek-R1-Distill-Llama-8B
(DeepSeek-AI, 2025).

To illustrate the gap between clean and noisy
data, we first evaluated all models using simple
prompting, without adding any additional informa-
tion. As shown in Table 2, performance dropped
sharply on noisy debates, with Rouge-L (Lin, 2004)
decreasing from 23.2 to 5.0 for Mistral and 16.0 to
9.5 for DeepSeek, and similar trends in BertScore
(Zhang et al., 2020) (between -8 and -11 points).

LLaMA-3B slightly improved due to repeated de-
bate fragments, while Flan-T5 degraded further.

To evaluate our models on the noisy dataset, we
conducted four experiments. All the prompts in
this experiment were in French. To assess clar-
ity the illustrations are in English. In experiment
1, we used simple prompting without providing
any examples or additional context. The model
received only the noisy debates and was asked to
generate the summary based only on that input.
This approach tested the model’s ability to sum-
marize information directly from raw text without
additional guidance. In the second experiment, we
incorporated specific instructions for the models,
as illustrated in Figure 1. This setup encouraged
the model to reason step by step before producing
the final summary, allowing us to evaluate whether
structured reasoning improves the quality and co-
herence of the generated summaries. The instruc-
tions in the chain-of-thought prompt are intention-
ally simple. After testing several variants, we found
that when the instructions were too detailed, the
models tended to focus on following each instruc-
tion literally and neglected the overall summary.
Therefore, we simplified the instructions as much
as possible to encourage more coherent reasoning.

Prompt

Summarize the following debate by following these steps:
identify the main ideas, select the essential passages,
then reformulate them in a clear, neutral, and fluid
style in a concise text of approximately 6 to 8
sentences: {debate}

Figure 1: Chain of Thought Prompting

In experiment 3, we fine-tuned the models using
LoRA (Hu et al., 2022) on the Fredsum training
set, specifically the cleaned version without the
added noise described in Section 3. The LoRA
configuration used a rank of 8 and an alpha value
of 16 and we used a batch size of 3. The mod-
els were fine-tuned for up to 10 epochs maximum.
The input structure provided to the models is illus-
trated in Figure 2. As we can observe, for Mistral-
7B-Instruct, we used the instruction-style format
with the [INST]...[/INST] tokens, following the
model’s native input convention. Other models
were trained without these tokens, so we used a
simpler <source> / <summary> structure. We
also tested Mistral without the [INST] tokens, but
this led to a noticeable performance drop, confirm-
ing the importance of using its instruction format.
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Fredsum Noisy

Laurence Ferrari : Nicolas Sarkozy, vos solutions ?
François Hollande : Enfin, j’augmenterai de 25 % l’allocation de rentrée
scolaire
Laurence Ferrari : Vos solutions pour le pouvoir d’achat ?
Nicolas Sarkozy : D’abord un mot sur les syndicats en Allemagne. D’abord il
ne viendrait à l’idée de personne en Allemagne que les syndicats appellent à
voter pour un candidat.

nicolas sarkozy vos solutions enfin j’ augmenterai euh de 25 % ll allocations d’
rentrer scolaire vos solutions pour ls pouvoir d’ achat pouvoir d’ achat d’
abord un <unk> sur les sindika en allemagne d’ abords ille ne viendrait as l’
heede de personne en allemagne que les syndicats apelle a voter pour un
candidat

Table 1: Example of normalization and noise insertion in FREDSum transcript

R1 R2 RL Bertscore

Deepseek-R1-
R1-LLama-8B

PC 33.2 9.6 16.0 66.3
PN 19.4 4.0 9.5 55.1
CoT 20.6 4.2 10.4 57.2
FC 35.4 11.0 17.8 67.1
FN 33.2 10.3 17.6 65.7

Mistral-7B-
Instruct-v0.3

PC 44.4 16.2 23.2 72.7
PN 29.5 7.2 5.0 64.6
CoT 32.0 8.4 15.9 65.4
FC 18.3 4.5 11.6 58.2
FN 9.1 8.2 7.2 51.3

Llama-3.2-3B

PC 21.0 4.4 10.1 50.6
PN 23.7 3.9 11.5 59.4
CoT 23.8 3.9 11.6 59.4
FC 15.5 4.5 8.2 51.1
FN 15.0 4.2 8.1 49.6

FlanT5-large

PC 15.1 4.2 9.7 53.5
PN 15.1 4.0 7.7 44.9
CoT 7.8 1.3 4.7 37.5
FC 9.2 2.2 5.5 33.7
FN 10.0 2.4 6.2 39.3

Table 2: Global Results: PC for Prompt on Clean dataset,
PN for Prompt on Noisy dataset, CoT for Chain of
Thought, FC for Finetuning on Clean dataset, FN for
Finetuning on Noisy dataset

.

And last but not least, in experiment 4, we used the
same configuration as in experiment 3, but with the
noisy dataset.

Input For Finetuning

Mistral-7B (Instruct): [INST] Summarize the following
debate: {debate} [/INST] {summary}

Other models: <source> Summarize the following debate:
{debate} </source> <summary> {summary} </summary>

Figure 2: Finetuning input format for different models

3.3 Results
For the evaluation, we report results using ROUGE
(Lin, 2004) and BERTScore (Zhang et al., 2020),
and we also conducted a human evaluation focused
on readability. Since our inputs are noisy, we
aimed to see whether the models could still gen-
erate readable summaries. As shown in Table 2,
direct prompting produced acceptable results only
for Mistral-7B. The chain-of-thought (CoT) strat-

egy improved performance for both Mistral-7B and
DeepSeek-R1-Llama-8B, while Llama-3B and es-
pecially Flan-T5 performed poorly on the noisy
dataset. For human evaluation, we used a 1–5 scale
to assess readability. Direct prompting resulted
in an average score of 3.0 for Mistral and 2.5 for
DeepSeek, meaning the outputs were readable with
correct syntax, but some summaries were partly in
English or contained fragments copied from the
debates. Llama-3B and Flan-T5 both received an
average of 1.5. The CoT approach did not lead to a
significant improvement in readability. When fine-
tuning on the clean dataset, the DeepSeek model
achieved the best overall performance on both au-
tomatic metrics and human evaluation. Its outputs
were more fluent and mostly in French, reaching
an average readability score of 3.5, with only about
6% of summaries being partial extractions of de-
bate fragments. For the other models, fine-tuning
on the clean dataset did not help; instead, they
tended to overfit and reproduce noisy input frag-
ments. We also tested different hyperparameters
(batch size, LoRA rank, and LoRA alpha), but these
had no significant effect, especially on readability.
Fine-tuning on the noisy dataset gave the worst per-
formance for all models, except DeepSeek, which
handled noise slightly better but still produced frag-
mentary outputs. Readability served as our main
criterion for selecting the two most promising sys-
tems for industrial deployment. Therefore, in the
next section, we focus on DeepSeek-8B (FN) fine-
tuned on the clean dataset and Mistral-7B-Instruct
(CoT) with chain-of-thought prompting for further
analysis.

4 Focused Analysis of Top Systems

4.1 Impact of Noise Types

As discussed in section 3.1, our data contains two
main types of noise: normalization noise and ASR-
related errors typical of spoken transcription. We
examine how these affect our top two systems. Fig-
ure 3 shows the histogram of BERTScore results.
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For both systems, normalization noise is more chal-
lenging than ASR errors. The DeepSeek fine-tuned
model is more robust overall, while Mistral with
chain-of-thought prompting shows a larger drop
under normalization noise. For ASR errors, both
systems perform similarly, with very close scores,
suggesting that they can capture the overall mean-
ing even when some words or subwords from the
input are missing.

Figure 3: Impact of Noise Types - BertScore (%)

4.2 Person Name Recognition and Speaker
Accuracy

In our industrial setting, providing accurate infor-
mation is a key objective. We therefore evaluated
the faithfulness of generated summaries by check-
ing whether they preserved factual information
from the input, focusing particularly on Named
Entities of type Person. For this analysis, we
used the multilingual version of GLiNER (Zara-
tiana et al., 2024), to identify person entities. In-
correct detections were manually removed, and
equivalent mentions (e.g., M. Mitterrand, François
Mitterrand) were grouped together using simple
heuristics. We then measured the proportion of
correct mentions and hallucinated entities in the
generated summaries (Table 3). Overall, the fine-
tuned DeepSeek model produced more accurate
and faithful outputs, with fewer hallucinations than
the Mistral model. We also focused on speaker
identification. To evaluate this, we manually anno-
tated the previous set of Named Entities to check
whether the models could correctly identify the
different participants. A summary was considered
correct only if all speakers in the debate were de-
tected. We observed that the fine-tuned DeepSeek
model achieved better speaker accuracy, correctly

Model Correct Omission Hallucination

DeepSeek-8B (FN) 62.9 37.1 5.6
Mistral-7B (CoT) 8.2 91.8 73.1

Table 3: Error Distribution of Named Entity Person

identifying all speakers in 48.3% of the debates
and one speaker in 10% of the cases. In contrast,
the Mistral CoT system performed worse, fully de-
tecting speakers in only 17.2% of the debates and
focusing on a single participant in another 17%,
which often led to biased summaries.

4.3 Preliminary evaluation on the industrial
dataset

Due to confidentiality and time constraints, we only
had access to five industry debates, and these have
been summarized manually. We conducted a pre-
liminary qualitative evaluation to observe model
behavior in real conditions. Both models achieved
similar automatic scores: ROUGE-L of 14 and
BERTScore of 60.7 for DeepSeek-8B (FN), ver-
sus ROUGE-L of 13 and BERTScore of 59.5 for
Mistral-7B (CoT). In human evaluation, both pro-
duced readable summaries, except for one unread-
able case from Mistral. Regarding speaker faithful-
ness, performance was comparable: some speakers
were omitted, while DeepSeek occasionally hallu-
cinated interactions or attributed quotes to speak-
ers seen during fine-tuning. Overall, Mistral cap-
tured discussion themes more clearly, but accurate
speaker identification remained difficult for both
models.

5 Conclusion

This study examined how small language mod-
els perform dialogue summarization under noisy,
resource-constrained industrial conditions. Results
show that transcription noise severely reduces ac-
curacy and readability across all models. Fine-
tuning on clean, domain-related data improves ro-
bustness and reduces hallucinations, especially for
person entities. However, fine-tuned models still
struggle to generalize to real industrial data. In
such cases, chain-of-thought prompting can yield
more balanced and general summaries. Future
work includes mixed clean-noisy fine-tuning and
parameter-efficient adaptation to improve faithful-
ness at low cost.
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