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Abstract

Health wellness agents typically rely on large
language models (LLMs) for response gener-
ation, where contextual information from a
user’s conversation history can be used for re-
sponse grounding and personalization. High-
quality conversation summaries are one such
method which can reduce the number of input
tokens during response generation, decreasing
overhead and inference latency. However, di-
rectly purposing LLMs for this task is infeasi-
ble due to the scale of the task, the compute
overhead, and health data compliance regula-
tions. Furthermore, ground truth for real-world
datasets is scarce due to privacy concerns and
the high cost of health expert annotators. These
factors necessitate the development of small,
potentially on-device, language models capable
of health dialogue summarization, particularly
in the absence of ground truth labels. In this
paper, we first present a comprehensive empir-
ical study that benchmarks a variety of state-
of-the-art smaller language models to better
understand their baseline capabilities. Second,
we present an unsupervised method that uses
the summaries from multiple models, refined
with iterative feedback, to generate high-quality
summaries of health dialogues. Experiments
illustrate that our method is able to outperform
baseline on both open-source and proprietary
benchmarks. Notably, our method can be run
viably on local compute without a GPU, using
just a single Macbook with 16 GB of memory.

1 Introduction

Recent advancements in large language models
(LLMs) have spurred the development of health
assistants capable of automating clinical workflows,
generating diagnoses and advice, outputting user-
personalized responses, acting as voice assistants,
summarizing health contexts, and more (Qiu et al.,
2024; Abbasian et al., 2024; Yang et al., 2024a;
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Liu and Wang, 2023; Yang et al., 2024b; Singhal
et al., 2023; Kim et al., 2024; Cosentino et al.,
2024; Mukherjee et al., 2024). For effective health
wellness agents, contextual information from prior
conversations can be utilized to help ground and
personalize the agent’s response to the user. Since
appending all prior conversations during response
generation can be costly, high-quality conversation
summaries can be used to succinctly represent the
same information at a lower token cost, reducing
memory overhead and response latency. As a result,
these summaries are an important component in the
development of effective health wellness assistants.

Despite the impressive capabilities of state-of-
the-art LL.Ms, directly adopting them for health
conversation summarization presents several chal-
lenges. First, these models incur substantial mem-
ory compute overhead, and introduce latency and
monetary cost considerations with their usage, on
top of increased carbon emissions. Second, health
data compliance regulations may restrict, or even
ban, the ability to send user health information
to externally hosted LLMs to perform health dia-
logue summarization. Such factors raise a potential
question: can we perform health conversation sum-
marization without LLMs, using models that can
either be ran on-device or hosted locally?

Towards this objective, we first benchmark a
suite of smaller language models (LMs) to gauge
and analyze their baseline capabilities for health di-
alogue summarization. Instead of blindly selecting
a model to use, we evaluate a variety of state-of-the-
art smaller LMs, ranging from 0.5B up to 4B pa-
rameters. We utilize multiple aspects of evaluation,
namely both automatic metrics (ROUGE, BLEU,
METEOR, BERTScore), when applicable, as well
as winrate comparisons (Lin, 2004; Papineni et al.,
2002; Banerjee and Lavie, 2005; Zhang* et al.,
2020; Zheng et al., 2023).

We also present an approach to generate high-
quality health dialogue summaries in an unsuper-
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vised manner. Our method removes the dependency
on ground truth labels or LLMs, and can be directly
applied to real-world data even in the absence of
expert labels. More specifically, we extract several
agent-generated summaries for a given conversa-
tion, before then refining each summary using text
feedback in a silo. These refined summaries are
then merged together to generate the final output.
Our expectation is that through this approach, we
can cultivate and refine diverse yet accurate conver-
sation summaries. We tailor our method to various
models by benchmarking on differing numbers of
agents and rounds, in order to determine the most
optimal setting for each model. We then use these
settings to run our experiments.

For a comparison across multiple settings, we
evaluate our results on both open-source bench-
marks (Ben Abacha et al., 2023b; Wang et al.,
2024a) as well as real-world health wellness con-
versations. Our contributions are as follows:

(1) We perform evaluation benchmarking on a suite
of smaller LMs for health conversation summariza-
tion, ranging from 0.5B to 4B parameters.

(2) We present an unsupervised method for sum-
mary generation from health conversations. Our
approach generates several summaries for each dia-
logue and iteratively refines these summaries using
textual feedback. The final summary is then gener-
ated from all the refined summaries.

(3) We provide a comprehensive analysis of our
summaries, investigating its viability as a ground
truth generation method for fine-tuning, as well as
a comparison to conventional multiagent debate.

2 Related Work

2.1 Health Dialogue Summarization

Health and medical dialogue summarization is an
important tool to improve the accuracy and person-
alization of an agent’s responses to a user/patient.
This has been studied in the context of gener-
ating clinical notes (Yim and Yetisgen, 2021;
Michalopoulos et al., 2022), medical topic-based
methods (Liu et al., 2024; Nair et al., 2023), syn-
thetic dialogue generation (Chintagunta et al., 2021;
Sharma et al., 2023), or through the introduction
of shared tasks (Ben Abacha et al., 2023a). We
study health dialogue summarization through the
lens of developing better health wellness assistants.
Unlike prior work, we focus particularly on small
LM:s that can be ran locally, removing the need for
LLMs at all. Additionally, our approach does not

require expert annotators or specialized medical
domain knowledge.

2.2 Summarization From Feedback

Prior work has demonstrated the utility of in-
corporating feedback to fine-tune and align
LMs (Ouyang et al., 2022). Text feedback
has shown promise in enhancing model capabil-
ities (Yuan et al., 2024), particularly for summa-
rization (Chen et al., 2024; Fernandes et al., 2023;
Zhang et al., 2023; Stiennon et al., 2020; Bai et al.,
2022). These works typically utilize human annota-
tors for verbose text feedback generation, whereas
our proposed method is entirely unsupervised, re-
moving the need for annotators entirely. Further-
more, automatic processes typically utilize LLMs
directly and/or incorporate feedback generation
during inference (Kirstein et al., 2025; Song et al.,
2025), which introduces significant compute over-
head. With smaller LMs, our approach can bypass
this challenge through our iterative text feedback
process, as well as aggregating multiple refined
summaries to generate the final output.

2.3 Multiagent Frameworks

The adoption of multiagent frameworks in recent
years has led to improvements in the text gen-
eration and reasoning capabilities of LLMs (Du
et al., 2024). Multiagent frameworks incorporat-
ing feedback have been utilized towards improv-
ing LLM critique quality (Lan et al., 2024; Kar-
gupta et al., 2025), enhancing agent collabora-
tion (Wan et al., 2025), and table refinement (Yu
et al., 2025). Concurrent work (Fang et al., 2025)
has also demonstrated the viability of these frame-
works for text summarization. Unlike true multia-
gent frameworks, our method iteratively improves
agent generated summaries within a silo, remov-
ing the inter-agent communication step within each
round. We motivate this approach because sum-
marization is inherently subjective, and different
viewpoints may summarize the same content differ-
ently (Li et al., 2021; Steen and Markert, 2024; Fab-
bri et al., 2021). In this manner, we aim to model
this setting by preserving and refining summaries
that may originate from different agents, rather than
having all agents converge onto the same summary.
This process allows the final output to incorporate
information from a variety of refined summaries.
Crucially, our approach also differs by focusing
on small LMs capable of being ran locally or even
on-device, eliminating the need for LLMs entirely.
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'Doctor: What brings you back into the clinic today,
miss?

Patient: | came in for a refill of my blood pressure
medicine.

Dogtor: Itlooks like Doctor Kumar followed up with
you last time regarding your hypertension,

£

Summary . Feedback

allergic rhinitis and kidney stones. Have you
noticed any changes or do you have any concerns
regarding these issues?

Patient: No.

Doctor: Have you had any fever or chills, cough,

congestion, nausea, vomiting, chest pain, chest
pressure?

Patient: No.

Doctor: Great. Also, for our records, how old are
you and what race do you identify yourself as?

Patient: | am seventy six years old and identify as a
White female.
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The patient, a white female who has
experienced osteoarthritis, osteoporosis,
hypothyroidism, allergic rhinitis, and kidney

Refined Summary

Refin mmar
efined Summary stones, along with hypertension, visited the

clinic to collect a refill for her blood
pressure medication under the continuing
care of Dr. Kumar. She reported no new or

worsening symptoms in her chronic
conditions, and neither did she report any
recent acute symptoms like fever, cough, or
chest pain. For record-keeping, she
confirmed her age to be seventy-six years.

Refined Summary

Figure 1: An overview of our method for a sample from the MTS-Dialog dataset. For a given conversation, each
agent generates a summary, which is then iteratively refined through textual feedback for a variable number of
rounds. After all rounds, we then aggregate all of these cultivated summaries to produce the final conversation

summary. N denotes the number of agents.

3 Method

An overview of our approach to generate high-
quality health dialogue summaries is depicted in
Figure 1. For simplicity, our implementation uses
the same base model for each agent. Please re-
fer to Appendix A for the relevant prompts and
Appendix C for the relevant generation parameters.

3.1 Summary Refinement with Text Feedback

For any conversation, we first generate initial sum-
maries of the health dialogue using &k agents. If
the number of rounds is strictly greater than one,
then the summaries are refined with text feedback.
In this step, each agent provides text feedback on
the summary that it generated. The summary feed-
back that we ask for looks to remove redundant
information from the summary, while checking to
see if there was anything in the original conversa-
tion that was not included in the initial summary.
We remark that this feedback is unrestricted, since
different parts of a summary may be important de-
pending on future contexts, an aspect that makes
health dialogue summarization difficult. For exam-
ple, mentioning that you “went to a concert” may
not typically be relevant in a health conversation
summary, but may be relevant if a user is asking
about how they might have contracted Covid or
other infectious diseases.

Then, each agent will incorporate its feedback to
update its output, resulting in a refined version of
the original summary. This process is then repeated
until we have completed all feedback rounds. Note
that in the case of one round, no feedback is gener-
ated since there is no update step (which requires
at least two rounds), and instead the summaries are
directly fed into the aggregation step. Importantly,
during the feedback and update steps, we note that

each agent does not see the output summaries of
the other agents. One example of a feedback and
update step can be found in Table 19.

3.2 Aggregating Refined Summaries

Whereas prior research approaches this step using
specialized blending modules (Zhang et al., 2021;
Jiang et al., 2023b) or through some combination
of intermediate summaries (Laskar et al., 2023;
Zhang et al., 2022), we treat all the summaries,
which may have been iteratively refined, as good
candidate examples to be included in the context.

More specifically, we append these refined sum-
maries, output from the k individual agents. as can-
didate references the model can utilize during its
final generation. We then ask the final agent to gen-
erate the final summary using all of these refined
summaries as context. Essentially, these candidate
references are included as in-context learning refer-
ences. By incorporating siloed iterative refinement,
our objective is to ensure that a diverse set of candi-
date references may be included in the aggregation
step when generating the final summary.

4 Experimental Setup

4.1 Open-Source Benchmarks

We benchmark our method on two open-source
datasets: MTS-Dialog (Ben Abacha et al., 2023b)
and NoteChat (Wang et al., 2024a). We evalu-
ate MTS-Dialog on its two test splits, with each
one containing 200 samples. We evaluate on
NoteChat’s ChatGPT split, which contains roughly
167k samples. Due to the sheer size of the
NoteChat dataset, we evaluate our results on 100
randomly chosen samples, without overlap, across
3 different runs. Further details on conversation
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Model Settings

Num. Agents Num. Rounds

Qwen-2.5-0.5B-IT
Llama-3.2-1B-IT
Gemma-3-1B-IT
DS-Qwen-1.5B
Gemma-2-2B-IT
Llama-3.2-3B-1T
Phi-3-Mini-IT

WA WD PR W
L W = = = N W

Table 1: The optimal number of agents and rounds that
we selected for each model.

statistics for these datasets may be found in Ta-
ble 22.

4.2 Internal Real-World Data

To provide a realistic overview of real-world vi-
ability, we also benchmark our experiments on
two internal health wellness conversation datasets,
which we title “Internal A” and “InternalB”. Inter-
nalA consists of 140 health dialogues drawn from
10 different users. InternalB consists of a larger set
of 536 conversations, with 161 of those contained
in its test split. For our purposes, we mainly use
Internal A to determine the optimal hyperparame-
ters (i.e. number of agents and number of rounds)
for each model, leaving the InternalB dataset for
the main evaluation. To determine the optimal set-
tings for each model, we conduct a grid search by
benchmarking all possible combinations of agents
(2,3,4) and rounds (1,2,3) on our Internal A dataset.
These optimal settings are displayed in Table 1.
For generation details about the Internal A dataset,
please refer to Appendix B. For an accurate break-
down and description of the full results for each
combination, please refer to Appendix F.

4.3 Models

We collect results for a suite of small LMs
(less than 4B parameters) that can feasibly be
ran locally or on-device. We selected the fol-
lowing models: Qwen-2.5-0.5B-Instruct (Qwen
et al., 2025), Llama-3.2-1B-Instruct, Llama-3.2-
3B-Instruct (Grattafiori et al., 2024), Gemma-2-
2B-Instruct (Team et al., 2024), Gemma-3-1B-
Instruct (Team et al., 2025b), Deepseek-R1-Distill-
Qwen-1.5B (DeepSeek-Al et al., 2025), and Phi-3-
Mini-Instruct (Abdin et al., 2024a). In our tables,
we use “IT” as a shorthand for “Instruct”, and de-
note the Deepseek-R1-Distill-Qwen-1.5B model as
DS-Qwen-1.5B.

We utilize Gemini-2.0-Flash (Team et al., 2025a)

as our LLM comparison model, as it was the latest
iteration of the Gemini series (at the time) and was
readily available for our use. Preliminary results on
a set of larger LMs may be found in Appendix H.

5 Results

Winrate evaluation primarily uses Claude-3.5-
Sonnet (Anthropic, 2024) as our judge, given its
strong performance on winrate benchmark datasets
compared with other contemporary LL.Ms (Tan
et al., 2025). Since prior work has noted the pos-
sibility of positional bias with these LLMs, we
account for this factor by running each comparison
twice, swapping the position of each output in the
second run (Wang et al., 2024b; Pezeshkpour and
Hruschka, 2024). We count a sample as a “win”
for a model if and only if our judge prefers it in
both comparisons. If the preferred summary differs
with the swapped comparison, we count the two
summaries as “‘comparable”, since it was selected
at least once by the judge. For brevity, results com-
puted using automated metrics are displayed in
Appendix G.

5.1 Proprietary Data

For the Internal A dataset, we see that our refined
summaries generally outperform the baseline ap-
proach for all models. From Table 2, the largest
gain was found on Gemma-2-2B-Instruct, with a
performance gain of 31.43% (i.e. the winrate of
Gemini-2.0-Flash decreased by 31.43%). Further-
more, our approach improved the model’s own
winrate from 17.14% to 51.43%, an increase of
34.29%. Even for Llama-3.2-3B-Instruct, which
performs well in the baseline setting, we see that
our approach still yields additional benefit, improv-
ing the model winrate by 24.29% from 63.57% to
87.86%. Across all models, we observe an aver-
age performance gain of 14.08%, with all improve-
ments being statistically significant.

On the InternalB dataset, we observe the same
general trend with the exception of Llama-3.2-1B-
Instruct. As seen in Table 3, Deepseek-R1-Distill-
Qwen-1.5B nearly doubles its own winrate, jump-
ping from 3.11% to 6.21%, while its compara-
ble winrate also improved from 5.59% to 8.07%,
with an overall performance gain of 5.59%. Even
for models where Gemini’s winrate remains sim-
ilar to baseline summarization, we see that our
refined summaries are able to shift a larger propor-
tion of its winrate from “comparable” to preferred,
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Baseline Winrates

Refined Winrates

Model
Model (1) Gemini () Comparable (1) Model (1) Gemini (]) Comparable (1)

Qwen-2.5-0.5B-IT 2.14% 89.29% 8.57% 2.14% 82.86%* 15.00%
Llama-3.2-1B-IT 24.29% 57.14% 18.57% 25.71% 45.71%* 28.57%
Gemma-3-1B-IT 17.14% 58.57% 24.29% 27.86% 50.71%* 21.43%
DS-Qwen-1.5B 2.86% 82.14% 15.00% 12.86% 67.14%* 20.00%
Gemma-2-2B-IT 17.14% 58.57% 24.29% 51.43% 27.14%* 21.43%
Llama-3.2-3B-IT 63.57% 13.57% 22.86% 87.86% 4.29%* 7.86%
Phi-3-Mini-IT 57.14% 27.86% 15.00% 76.43% 10.71%* 12.86%

Table 2: Winrate of model outputs compared to summaries generated by Gemini-2.0-Flash for the InternalA dataset.
Percentages are rounded to 2 decimal places. The best performance, according to the winrate of Gemini, is bolded,
and * denotes that the result is statistically significant with a minimum of 90% confidence (one-sided).

Model Baseline Winrates Refined Winrates
Model (1) Gemini () Comparable (1) Model (1) Gemini () Comparable (1)

Qwen-2.5-0.5B-IT 0.00% 98.76% 1.24% 0.00% 98.76% 1.24%
Llama-3.2-1B-IT 8.07% 77.64%* 14.29% 2.48% 88.20% 9.32%
Gemma-3-1B-IT 5.71% 81.37% 13.66% 12.42% 80.75% 6.83%
DS-Qwen-1.5B 3.11% 91.30% 5.59% 6.21% 85.71%* 8.07%
Gemma-2-2B-IT 19.88% 57.14% 22.98% 32.92% 57.14% 9.94%
Llama-3.2-3B-IT 48.45% 34.16% 17.39% 52.80% 31.06% 16.15%
Phi-3-Mini-IT 36.02% 50.31% 13.66% 29.81% 50.31% 19.88%

Table 3: Winrate of model outputs compared to summaries generated by Gemini-2.0-Flash for the InternalB dataset.
Percentages are rounded to 2 decimal places. The best performance, according to the winrate of Gemini, is bolded,
and * denotes that the result is statistically significant with a minimum of 90% confidence (one-sided).

with Gemma-3-1B-Instruct, Gemma-2-2B-Instruct,
and Llama-3.2-3B-Instruct winrates improving by
6.71%, 13.04%, and 4.35%, respectively. This is es-
pecially notable for Gemma-2-2B-Instruct, where
Gemini’s winrate remains at 57.14% across both ap-
proaches, but our method is able to push the smaller
model’s winrate up from 19.88% to 32.92%.

5.2 Open-Source Medical Datasets

On the MTS-Dialog dataset, our approach gener-
ally outperforms baseline summarization on the
first test split, with the exception of the two Llama
models (although only Llama-3.2-1B-Instruct is
statistically significant). Otherwise, from Ta-
ble 4, our refined summaries outperform base-
line on all other models, with all but Qwen-2.5-
0.5B-Instruct displaying statistically significant im-
provements. The largest gains are seen in the
Gemma-2 and Gemma-3 models, as well as Phi-
3-Mini-Instruct, with improvements of 29.00%,
13.00%, and 12.50%, respectively. The second
test set is more divided: among the statistically
significant improvements, Llama-3.2-1B-Instruct,
Deepseek-R1-Distill-Qwen-1.5B, and Llama-3.2-
3B-Instruct perform better in baseline summariza-
tion, while Gemma-3-1B-Instruct, Gemma-2-2B-
Instruct, and Phi-3-Mini-Instruct perform better

with our method. These results mirror the trends
we observed in the first test split, although the aver-
age improvement of the models that perform better
in baseline is notably less than the average improve-
ment of the models that perform better with our
approach (6.50% versus 17.50%). Across both test
splits, Gemma-2-2B-Instruct has the highest aver-
age improvement of 27.25% when using our ap-
proach. On the other hand, Llama-3.2-1B-Instruct
is the worst performing model across both test
splits, with its baseline summaries actually out-
performing our refined summaries by 8.75%. This
may in part be explained due to its prompt sen-
sitivity, which results in the model being unable
to accurately follow our proposed approach cor-
rectly, where such an issue has been noted in prior
work to a degree (Arabzadeh and Clarke, 2025;
Zhuo et al., 2024). Interestingly, the Deepseek-R1-
Distill-Qwen-1.5B model actually exhibits differ-
ent behavior on each test split, with refined sum-
maries performing better on the first test split but
baseline summaries performing better on the sec-
ond test split, with both instances actually being
statistically significant.

For the NoteChat dataset, we also see that LMs
generally perform better with our refined sum-
maries approach. From Table 5, we see that
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Model Baseline Winrates Refined Winrates
Model (1) Gemini () Comparable (1) Model (1) Gemini (]) Comparable (1)

Qwen-2.5-0.5B-IT 0.00% 100.00% 0.00% 0.00% 99.50% 0.50%
Llama-3.2-1B-IT 4.50% 88.50%* 7.00% 0.00% 97.50% 2.50%
Gemma-3-1B-IT 4.00% 87.50% 8.50% 7.50% 74.50%* 18.00%
DS-Qwen-1.5B 0.50% 99.00% 0.50% 1.50% 96.00%* 2.50%
Gemma-2-2B-IT 16.50% 56.50% 27.00% 42.00% 27.50%* 30.50%
Llama-3.2-3B-IT 43.00% 30.00% 32.00% 38.50% 36.00% 25.50%
Phi-3-Mini-IT 22.50% 49.50% 28.00% 33.00% 37.00%* 30.00%
Qwen-2.5-0.5B-IT 0.50% 97.50% 2.00% 1.00% 98.00% 1.00%
Llama-3.2-1B-IT 4.50% 90.00%* 5.50% 0.00% 98.50% 1.50%
Gemma-3-1B-IT 2.00% 91.00% 7.00% 5.50% 82.50%* 12.00%
DS-Qwen-1.5B 2.00% 93.50%* 4.50% 1.00% 97.50% 1.50%
Gemma-2-2B-IT 15.00% 53.50% 31.50% 42.50% 28.00%* 29.50%
Llama-3.2-3B-IT 42.50% 29.50%* 28.00% 40.00% 37.50% 22.50%
Phi-3-Mini-IT 23.00% 57.00% 20.00% 39.50% 38.50%* 22.00%

Table 4: Winrate of model outputs compared to summaries generated by Gemini-2.0-Flash for the MTS-Dialog
dataset test splits. The top half displays results for the first test split, and the bottom half displays results for the
second test split. Percentages are rounded to 2 decimal places. The best performance, according to the winrate
of Gemini, is bolded, and * denotes that the result is statistically significant with a minimum of 90% confidence

(one-sided).

Qwen-2.5-0.5B-Instruct, Gemma-3-1B-Instruct,
Deepseek-R1-Distill-Qwen-1.5B, Llama-3.2-3B-
Instruct, and Phi-3-Mini-Instruct perform better in
all three of the NoteChat test splits, with an average
improvement of 1.67%, 5.00%, 2.00%, 14.33%,
and 15.33% across all splits, respectively. Addition-
ally, Gemma-2-2B-Instruct performs better with re-
fined summaries on two of the three test splits, with
an average improvement of 3.67% across all splits.
In general, it appears that the larger LMs typically
exhibit the highest performance improvement with
our refined summaries, in particular Llama-3.2-3B-
Instruct and Phi-3-Mini-Instruct, as they are able to
improve their model winrates by 13.00% and 8.00%
on average across all test splits. The one notable
exception was Llama-3.2-1B-Instruct (as was the
case for the MTS-Dialog and InternalB datasets),
where baseline summarization performed better in
all three test splits, with two of those results sta-
tistically significant. The results on MTS-Dialog
and NoteChat in particular for our method are espe-
cially impressive, given that these datasets typically
contain more medical jargon and specialized termi-
nology than typical health wellness conversations.

5.3 Viability Towards Fine-Tuning

We also conducted a case study analysis to inves-
tigate the real-world potential of our refined sum-
maries to act as ground truth for supervised fine-
tuning of other models. For use cases where infer-
ence latency is highly desirable, supervised fine-
tuning could be one technique to reduce response

generation times, distilling the high quality of our
refined summaries into just a single model call. We
use Llama-3.2-3B-Instruct to generate refined sum-
maries to act as ground truth for the InternalB train-
ing split, as it exhibited the best performance on the
InternalB test split according to Table 3. On the 375
training samples, these refined summaries exhib-
ited a winrate of 51.73%, compared to 27.47% for
Gemini summaries, as well as 20.80% which were
deemed comparable. The results from Table 6 are
promising, with all but Llama-3.2-3B-Instruct out-
performing both baseline and refined summaries.
All models apart from Qwen-2.5-0.5B-Instruct out-
perform Gemini (i.e. Gemini’s winrate is under
50%), with the largest improvements being Llama-
3.2-1B-Instruct at 31.68%, Gemma-2-2B-Instruct
at 31.67%, and Phi-3-Mini-Instruct at 22.98%. For
Llama-3.2-3B-Instruct, its performance degrada-
tion can in part be attributed to the fact that it was
fine-tuned on its own outputs, which prior work has
shown could result in performance loss (Shumailov
et al., 2024; Gillman et al., 2024).

As a quick remark, we did not report fine-tuning
results for Gemma-3-1B-Instruct and Deepseek-
R1-Distill-Qwen-1.5B. We had limited GPU ac-
cess for fine-tuning, and at the time Gemma-3-
1B-Instruct had not yet been released. For the
Deepseek model, we were concerned that fine-
tuning the model would disrupt its inherent rea-
soning ability, thus providing an unfair comparison
of its results against other models. Fine-tuning
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Baseline Winrates

Refined Winrates

Model
Model (1) Gemini () Comparable (1) Model (1) Gemini (]) Comparable (1)

Qwen-2.5-0.5B-IT 0.00% 100.00% 0.00% 0.00% 100.00% 0.00%
Llama-3.2-1B-IT 3.00% 92.00% 5.00% 3.00% 95.00% 2.00%
Gemma-3-1B-IT 0.00% 96.00% 4.00% 1.00% 92.00% 7.00%
DS-Qwen-1.5B 1.00% 99.00% 0.00% 1.00% 94.00%* 5.00%
Gemma-2-2B-1T 8.00% 68.00% 24.00% 16.00% 70.00% 14.00%
Llama-3.2-3B-IT 23.00% 62.00% 15.00% 28.00% 54.00% 18.00%
Phi-3-Mini-IT 18.00% 71.00% 11.00% 23.00% 47.00%* 30.00%
Qwen-2.5-0.5B-IT 0.00% 100.00% 0.00% 0.00% 98.00% 2.00%
Llama-3.2-1B-IT 4.00% 89.00%* 7.00% 1.00% 95.00% 4.00%
Gemma-3-1B-IT 3.00% 94.00% 3.00% 2.00% 92.00% 6.00%
DS-Qwen-1.5B 0.00% 97.00% 3.00% 1.00% 97.00% 2.00%
Gemma-2-2B-IT 11.00% 70.00% 19.00% 17.00% 61.00% 22.00%
Llama-3.2-3B-IT 11.00% 68.00% 21.00% 30.00% 46.00%* 24.00%
Phi-3-Mini-IT 16.00% 62.00% 22.00% 22.00% 47.00%* 31.00%
Qwen-2.5-0.5B-IT 0.00% 100.00% 0.00% 0.00% 97.00%* 3.00%
Llama-3.2-1B-IT 5.00% 87.00%* 8.00% 3.00% 94.00% 3.00%
Gemma-3-1B-IT 1.00% 99.00% 0.00% 6.00% 90.00%* 4.00%
DS-Qwen-1.5B 1.00% 99.00% 0.00% 1.00% 98.00% 1.00%
Gemma-2-2B-IT 11.00% 63.00% 26.00% 20.00% 59.00% 21.00%
Llama-3.2-3B-IT 23.00% 51.00% 26.00% 38.00% 38.00%* 24.00%
Phi-3-Mini-IT 21.00% 55.00% 24.00% 34.00% 48.00% 18.00%

Table 5: Winrate of model outputs compared to summaries generated by Gemini-2.0-Flash for the NoteChat dataset
on 100 random samples over 3 runs. The top half displays results for the first random seed, the middle half displays
results for the second random seed, and the bottom half displays results for the final random seed. The random seeds
were 42, 0, 12345. Percentages are rounded to 2 decimal places. The best performance, according to the winrate of
Gemini, is bolded, and * denotes that the result is statistically significant (minimum of 90% confidence one-sided).

Fine-Tuned Winrates

Multiagent Debate Winrates

Model Model
Model  Gemini Comparable Model Gemini  Comparable

Qwen-0.5B-IT 373%  91.93% 4.35% Qwen-2.5-0.5B-IT  0.00%  100.00% 0.00%

Llama-3.2-1B-IT  27.95% 45.96% 26.09% Llama-3.2-1B-IT 4.97% 83.85% 11.18%

Gemma-2-2B-IT  49.07% 25.47% 25.47% Gemma-3-1B-IT 4.35% 81.99% 13.66%

Llama-3.2-3B-IT  41.61% 35.40% 22.98% DS-Qwen-1.5B 0.62% 92.55% 6.83%

Phi-3-Mini-IT 57.76%  27.33% 14.91% Gemma-2-2B-IT 11.80%  77.64% 10.56%
Llama-3.2-3B-IT 61.49% 1491% 23.60%
Phi-3-Mini-IT 4.35% 90.06% 5.59%

Table 6: Winrate of fine-tuned model outputs com-
pared to Gemini-2.0-Flash summaries for the InternalB
dataset. Percentages are rounded to 2 decimal places.

hyperparameters can be found in Appendix D.

5.4 Comparison to Multiagent Debate

Additionally, we also compared our results on the
InternalB, MTS-Dialog, and NoteChat datasets
against summaries generated by conventional mul-
tiagent debate, a popular framework that is used to
improve inference-time reasoning performance (Du
et al., 2024). We modify multiagent debate by re-
placing the majority consensus step with a simple
aggregation step, combining all agent-generated
summaries to output a single final summary. For
consistency, we use the same number of agents and
rounds that we determined from Table 1. Please
see Appendix A for the relevant prompts.

Table 7: Winrate of model outputs generated by mul-
tiagent debate compared to summaries generated by
Gemini-2.0-Flash for the InternalB dataset. Percentages
are rounded to 2 decimal places.

For the InternalB dataset, as seen in Table 7, mul-
tiagent debate outperforms our refined summaries
for both Llama-3.2-1B-Instruct and Llama-3.2-3B-
Instruct, with gains of 4.35% and 16.15%, respec-
tively. We see that Llama-3.2-3B-Instruct is also
able to beat baseline summarization, although this
is not the case for Llama-3.2-1B-Instruct. Over-
all however, multiagent debate performs notably
worse for all other models, with an average per-
formance loss of 13.91% compared to our refined
summaries. Phi-3-Mini-Instruct is the most heavily
hit, performing 39.75% worse than our refined sum-
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Multiagent Debate Winrates

Multiagent Debate Winrates

Model Model
Model Gemini  Comparable Model Gemini  Comparable

Qwen-2.5-0.5B-IT  0.00%  100.00% 0.00% Qwen-2.5-0.5B-IT  0.00% 100.00% 0.00%
Llama-3.2-1B-IT 2.00% 95.50% 2.50% Llama-3.2-1B-IT 1.00% 96.00% 3.00%
Gemma-3-1B-IT 0.50% 94.50% 5.00% Gemma-3-1B-IT 1.00% 98.00% 1.00%
DS-Qwen-1.5B 1.00% 97.00% 2.00% DS-Qwen-1.5B 0.00% 99.00% 1.00%
Gemma-2-2B-IT 32.00%  41.00% 27.00% Gemma-2-2B-IT 11.00%  77.00% 12.00%
Llama-3.2-3B-IT 31.00%  41.00% 28.00% Llama-3.2-3B-IT 35.00%  34.00% 31.00%
Phi-3-Mini-IT 2.00% 87.50% 10.50% Phi-3-Mini-IT 4.00% 91.00% 5.00%
Qwen-2.5-0.5B-IT  0.00% 100.00% 0.00% Qwen-2.5-0.5B-IT  0.00% 100.00% 0.00%
Llama-3.2-1B-IT 1.00% 95.50% 3.50% Llama-3.2-1B-IT 2.00% 94.00% 4.00%
Gemma-3-1B-IT 2.50% 95.00% 2.50% Gemma-3-1B-IT 0.00% 100.00% 0.00%
DS-Qwen-1.5B 1.00% 93.50% 5.50% DS-Qwen-1.5B 1.00% 99.00% 0.00%
Gemma-2-2B-IT 27.00%  44.00% 26.00% Gemma-2-2B-IT 10.00%  79.00% 11.00%
Llama-3.2-3B-IT 41.00%  35.50% 23.50% Llama-3.2-3B-IT 40.00%  37.00% 23.00%
Phi-3-Mini-IT 1.00% 91.50% 7.50% Phi-3-Mini-IT 3.00% 90.00% 7.00%
Qwen-2.5-0.5B-IT  0.00%  100.00% 0.00%
Table 8: Winrate of model outputs generated by multia- Llama-3.2-1B-IT 3.00% 95.00% 2.00%
gent debate (using the same blended settings) compared Gemma-3-1B-IT 0.00%  100.00% 0.00%
to summaries generated by Gemini-2.0-Flash for the ]();S-Qwelzl-;g]?"r ]11~0(§)07; 238830 107%%'{;
. . €mma-z-2b- B (4 . 0 . ©
MTS-Dialog dqtaset. The top half dlsplgys results for Llama323BIT  44.00%  33.00% 23.00%
the first test split, and the bottom half displays results Phi-3-Mini-IT 500%  87.00% 3.00%

for the second test split. Percentages are rounded to 2
decimal places.

maries, while Gemma-2-2B-Instruct is next, with a
20.50% degradation compared to our approach.

This trend also holds true for MTS-Dialog,
where in Table 8 Llama-3.2-1B-Instruct is the only
model where multiagent debate summaries out-
perform refined summaries across both test splits,
with an average improvement of 2.50%, while
Llama-3.2-3B-Instruct and Deepseek-R1-Distill-
Qwen-1.5B outperform our refined summaries on
the second test split (2.00% and 4.00% gains). Oth-
erwise, all other models perform notably better
than multiagent debate summaries, such as Phi-3-
Mini-Instruct, Gemma-2-2B-Instruct, and Gemma-
3-1B-Instruct, where refined summaries perform
51.75%, 14.75%, and 16.25% better on average.

NoteChat exhibits the same trends in compar-
ison, as seen from Table 9, where refined sum-
maries generally outperform multiagent debate
summaries on all models apart from Llama-3.2-3B-
Instruct. Once again, the discrepancy is especially
pronounced for Phi-3-Mini-Instruct, where refined
summaries perform 42.00% better than multiagent
debate summaries, on average.

5.5 Alternative Judges

To guard against over reliance on a single LLM
judge, we also conducted several case study evalua-
tions using both Llama-3-70B-Instruct (Grattafiori
et al., 2024) as well as 4 medical expert human
annotators. On MTS-Dialog (second test split), our

Table 9: Winrate of model outputs generated by multia-
gent debate (using the same blended settings) compared
to summaries generated by Gemini-2.0-Flash for the
NoteChat dataset on 100 random samples over 3 runs.
The top half displays results for the first random seed,
the middle half displays results for the second random
seed, and the bottom half displays results for the final
random seed. The random seeds were 42, 0, 12345. Per-
centages are rounded to 2 decimal places.

refined summaries are preferred 48% of the time,
compared to just 22.50% for Gemini, with 29.50%
being comparable, as shown in Table 10. On the
NoteChat dataset (random seed 0), our summaries
are preferred 44.00% of the time, compared to just
31.00% for Gemini, with 25.00% being compara-
ble. This same trend also persists for the NoteChat
random seed 12345 split, with our summaries be-
ing preferred 46.00% of the time, compared to just
26.00% for Gemini, with 28.00% being compara-
ble. These results reinforce the effectiveness of
our approach, exhibiting even higher winrates com-
pared to those computed using Claude-3.5-Sonnet.
On MTS-Dialog (second test split), our refined
winrate increases from 33.00% to 48.00%, while
on NoteChat (random seeds 0, 12345), our refined
winrates increase from 22.00% to 44.00% and from
34.00% to 46.00%, respectively.

Additionally, we also conducted a small man-
ual annotation study to verify the results from our
LLM judges. Specifically, we asked 4 medical ex-
pert human annotators to evaluate the winrates of
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Model Refined Winrates

Model  Gemini Comparable
Phi-3-Mini-IT  48.00% 22.50% 29.50%
Phi-3-Mini-IT  44.00% 31.00% 25.00%
Phi-3-Mini-IT  46.00% 26.00% 28.00%

Table 10: Winrate of Phi-3-Mini-Instruct model outputs
compared to summaries generated by Gemini-2.0-Flash.
Results are computed using Llama-3-70B-Instruct as
our LLM judge. The top section displays results for the
MTS-Dialog first test split, and the bottom two sections
display results for the NoteChat dataset random seeds
0 and 12345. Percentages are rounded to 2 decimal
places.

Model Refined Winrates

Model  Gemini Comparable
Phi-3-Mini-IT  53.33% 46.67% 0.00%
Phi-3-Mini-IT  30.00% 23.33% 46.67%
Phi-3-Mini-IT  70.00%  30.00% 0.00%
Phi-3-Mini-IT  40.00% 33.33% 26.67%

Table 11: Winrate of Phi-3-Mini-Instruct model outputs
compared to summaries generated by Gemini-2.0-Flash
for the NoteChat dataset (random seed 12345) on a
drawn split of 30 samples. Human annotation results
for 4 different medical experts are shown. Percentages
are rounded to 2 decimal places.

our refined summaries, generated from Phi-3-Mini-
Instruct, for the NoteChat (random seed 12345)
dataset. We selected 30 samples from this dataset,
which were drawn such that there is an even amount
that is preferred in each category. This means that
Llama-3-70B-Instruct preferred our refined sum-
maries in 10 of these samples, Gemini summaries
in 10 of these samples, and considered both sum-
maries comparable in 10 of these samples. From
Table 11, we see that all 4 medical experts preferred
our refined summaries over Gemini’s summaries,
with an average winrate of 48.33% for our refined
summaries, compared to just 33.00% for Gemini,
with 18.33% being deemed comparable.

6 Discussion

Across all datasets, we observe that our approach
of refining summaries via textual feedback out-
performs both baseline summarization and classic
multiagent debate frameworks. The one exception
was Llama-3.2-1B-Instruct, where baseline sum-
marization actually performed better for all but the
Internal A dataset. As mentioned earlier, this may
be due to the model’s prompt sensitivity. Indeed,

during our experiments, we found that Llama-3.2-
1B-Instruct sometimes tended to continue the input
conversation, generating a response as if it was
replying directly to the user, rather than actually
performing summarization on the input dialogue.
While baseline summarization performed better for
Llama-3.2-3B-Instruct on the MTS-Dialog dataset,
our refined summaries are notably better on all
other datasets.

Against multiagent debate, we see that our ap-
proach yields improvement on all models except
for Llama-3.2-1B-Instruct, and in some instances
Llama-3.2-3B-Instruct. However, for all other mod-
els, our refined summaries still perform notably
better than multiagent debate summaries. Addi-
tionally, our fine-tuning results demonstrate the
viability of training other LMs on our refined sum-
maries, illustrating our method’s potential viability
as a ground truth generator for unsupervised data.

Finally, we remark that our refined summaries
are able to exhibit higher semantic diversity than
baseline, without compromising in terms of text
quality. While multiagent debate summaries can
be even more diverse, this comes at the trade-off of
reduced summary quality. We share detailed results
and explain our findings further in Appendix E.

7 Conclusion

We conduct an empirical study analyzing the health
conversation summarization capabilities of small
LMs. We propose an approach to generate sum-
maries by iteratively refining them using textual
feedback, before merging these refined summaries
to generate the final summary. Our results across
both open-source and proprietary health wellness
and medical conversation datasets demonstrate the
viability of our method, outperforming both base-
line summarization and conventional multiagent
debate. Crucially, we focus primarily on small and
compact LMs, and remark that our method can be
run on as little as a single Macbook with 16 GB of
memory, without the use of a GPU at all.

Limitations

One limitation of our work is that we evaluated
health wellness conversation summarization qual-
ity for small LMs only, i.e. models below 4B pa-
rameters. For institutions and corporations with
the necessary compute requirements, we acknowl-
edge that results on a suite of much larger models
would prove beneficial. For those who are inter-
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ested however, we have included additional pre-
liminary benchmarking results in Appendix H, for
models ranging up to 9B parameters. Nevertheless,
these results were excluded from the main body as
our work primarily focused on models that can fit
on-device, given the strict guidelines and compli-
ance regulations on where personal medical/health
data can be sent to, as well as its broad applicability.
This aspect is underlined by the fact that all of our
experiments, apart from the fine-tuned numbers dis-
played in Table 6, were conducted without the use
of a GPU, making our method readily accessible.

Another limitation that may arise is the addi-
tional latency overhead, which is not incurred in
baseline summarization approaches. For our pur-
poses, this constraint was not as prominent as mem-
ory constraints, as our needs only require offline
summarization, prioritizing quality over inference
speed. Even in worst case scenarios (4 agents,
3 rounds, no GPUs), our method incurs roughly
61.87 seconds per sample. We deem this trade-
off acceptable, particularly when working in the
health wellness and medical domains, where ac-
curacy is more highly valued than speed. Despite
this, our results in Table 6 do illustrate one pos-
sible workaround: distilling our summary genera-
tion method into models via supervised fine-tuning.
Then, one can utilize the fine-tuned models to per-
form summarization in one model call, thus elimi-
nating the additional latency overhead introduced
by our method. Realistically, we remark that this
is a limitation that applies to all frameworks with
multiple agents. Unlike existing approaches, how-
ever, we stress that our approach can feasibly be
ran locally, and removing the dependence on LLMs
entirely. We acknowledge that our approach incurs
some latency, but for the purposes of our work,
we were more concerned with summary quality,
especially given the sensitive and decision-critical
nature of the health and medical domains.

Finally, future work may also investigate the fea-
sibility of heterogeneous models. We did not eval-
uate this approach due to the additional compute
overhead that it requires, as our objective was in-
stead on a method that can run even in the absence
of GPU resources. Such an approach also raises
additional concerns regarding model selection as
well as model influence. Nevertheless, evaluating
heterogeneous models may provide useful insights
and comparisons with our approach, particularly in
situations where GPU resources are abundant.

Ethical Considerations

We chose to conduct our open-source dataset eval-
uations on the MTS-Dialog and NoteChat datasets,
which are open-source and publicly available. For
the Internal A dataset, we note that these 140 con-
versations were generated synthetically, and were
cleaned to ensure they do not contain personable
user data or other identifiable information. As our
internal data consists of health wellness conversa-
tions, the main filtering process simply removes
names (data such as geographic locations were not
present in our conversations). Given the nature of
the task, health metrics were not removed, as that
would defeat the purpose of a health wellness as-
sistant. We note that all internal participants were
made fully aware of the data collection procedure
and its purposes for internal research only, and en-
sured consent was received before we used this
data for either evaluation or fine-tuning. Addition-
ally, our fine-tuned results on this dataset were per-
formed privately in-house, in order to prevent data
leakage and/or compromise. Due to the sensitive
nature of the internal data, these datasets (presently)
are unable to be released for public use.

We caution that for actual real-world use, all LM
deployment systems, and particularly in the health
and wellness domains, should undergo further rig-
orous testing before being exposed for public use,
in order to guard against hallucinations in the sum-
mary. At our current stage, our results and models
have not yet been exposed publicly and are cur-
rently only being used for research purposes. For
those that wish to adopt our approach and method,
we urge that they first rigorously test and verify on
their own use cases/data.

As a quick remark, the Gemini-2.0-Flash model
that we benchmarked our summaries against was
hosted privately, rather than externally connected.
We did this to guard against external data trans-
fer, and model real-world settings where user data
compliance regulations must be met.
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A Model Prompts

We provide the full prompts which we used to re-
fine health dialogue summaries through iterative
feedback. The prompt that is used to generate the
original summary from each agent is depicted in
Table 12. The prompt that is used to elicit text feed-
back from each agent is depicted in Table 13. From
here, each agent can then update their original sum-
mary, incorporating this text feedback through the
prompt depicted in Table 14. At the final step, we
then merge these refined summaries to generate
the final conversation summary, according to the
prompt displayed in Table 15.

We also modify the prompts present in multia-
gent debate towards our health dialogue summa-
rization task. The prompt used to generate the
original summary is the same as our refined ap-
proach, depicted in Table 12. For the multiagent
communication, we modified the original prompts'
to that which is shown in Table 16. The final sum-
mary is then generated from multiagent debate us-
ing the prompt displayed in Table 17. Finally, our
winrate computation uses the prompt illustrated in
Table 18, which is then fed into our judge, Claude-
3.5-Sonnet.

Prompt

Summarize the following conversation in one clear and
concise paragraph, capturing key ideas without missing
critical points.

Conversation:
{cy
Please limit your response to a single paragraph.

Your summary should be written in third-person.

Summary:

Table 12: The prompt that we used to generate sum-
maries from a model. Note that C' denotes the input
conversation to summarize.

B InternalA Generation Procedure

While some of the more proprietary details are
unable to be disclosed, we briefly share some high-
level details about the generation process of the
Internal A dataset.

"https://github.com/composable-
models/llm_multiagent_debate/tree/main

Prompt

Please provide feedback on the summarization quality for
the following conversation. Is there any information in
the summary that is redundant, or any information that is
present in the conversation but missing from the summary?

Conversation:

{C}

Example Summary:

{5}

Please output only the feedback itself, and limit

your response to one paragraph.

Feedback:

Table 13: The prompt that we used to generate textual
feedback to help refine summaries. Note that C' denotes
the given conversation to summarize, while S denotes
the example generated summary.

The synthetic Internal A dataset is used in prod-
uct development for an Al-based conversational
agent for health wellness coaching. A large LLM is
used to mimic conversations between various user
profiles and the conversational agent, which is also
a large LLM (unfortunately for proprietary reasons,
the specific model(s) used for generation are not
disclosed). These user profiles are also generated
synthetically from a large LLM, and cover a wide
range of general health and wellness aspects, such
as physical activity, stress, and sleep. To create
these user profiles, real health data, collected from
users via wearable devices (e.g. smartwatches),
are used as a reference, ensuring that the gener-
ated synthetic data accurately represents real-world
data. However, we note that data from actual users
are filtered out of the final dataset to ensure user
privacy.

Once user profiles are generated, multi-turn con-
versations are generated between the synthetic
users and the conversational agent, mimicking real-
world conversations. Conversational topics revolve
around user-specific health, inquiries, preferences,
and health goals, where the agent usually provides
wellness recommendations based on the user pro-
files. The agent is also allowed to ask follow-up
questions to a user’s query, facilitating more person-
alized user recommendations. We use guardrails
on both user queries and agent responses, keeping
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Prompt

Prompt

Summarize the following conversation in one clear and
concise paragraph, capturing key ideas without missing
critical points.

Conversation:

{C}

Below is one example summary of the conversation
as well as its corresponding feedback. Please incorporate
this feedback and update the summary.

Example Summary:

{5}

Feedback:

{F}

Please limit your response to a single paragraph.

Your summary should be written in third-person.

Summary:

Table 14: The prompt that we used to refine a given
summary with the associated textual feedback. Note
that C' denotes the given conversation to summarize, S
denotes the example generated summary and F' denotes
the associated text feedback.

the conversation strictly focused on health wellness
while preventing the agent from outputting medi-
cal suggestions (e.g. take this drug) or irrelevant
responses.

C Generation Parameters

Summaries of our health conversations are gener-
ated utilizing the following parameters: maximum
new tokens of 512, temperature of 0.7, and a ran-
dom seed of 42, when applicable. Note that for the
Deepseek models, we increased the maximum new
tokens to 1024 in order to account for the increased
token counts from the models’ reasoning chain out-
puts. For the winrate computation, we alter the
temperature setting to 0.1 to maintain additional
response consistency.

D Fine-Tuning Parameters

We conduct instruction fine-tuning for all models
using 4-bit quantization with LoRA adapters, i.e.

Summarize the following conversation in one clear and
concise paragraph, capturing key ideas without missing
critical points.

Conversation:

{C}

For reference, below are a few example summaries
of the conversation. Please use these to generate your final
summary.

Example Summary: {5}

Example Summary: {S2}

Example Summary: {S3}

Please limit your response to a single paragraph.
Your summary should be written in third-person.

Final Summary:

Table 15: The prompt that we used to merge all refined
summaries into the final output summary. The example
shown here assumes a total of 3 agents, with their refined
summary outputs denoted as S, S, S3.

QLoRA (Dettmers et al., 2023). Our LoRA module
uses the following settings: rank of 16, alpha of 8,
dropout of 0.01, and targets all linear layers. Our
procedure trains the model on the text completions
only, rather than training on the entire input.

We use standardized hyperparameters for fine-
tuning, with the following settings: learning rate of
2e-5, weight decay of 0.01, max sequence length
of 2048, batch size of 4, random seed of 42, and a
warmup ratio of 0.10, fine-tuned for a total of 10
epochs. Note that during inference, we simply load
in the fine-tuned LoRA adapters into the module
— we do not merge the adapter into the original
model’s weights.

E Measuring Summary Diversity

We use 3 metrics to measure the semantic diversity
of generated summaries: homogenization score
(with Rouge-L), compression ratio, and the n-gram
diversity score. These metrics are introduced and
described in prior work, and are publicly available
in Python’s diversity library package (Shaib et al.,
2025).

From Table 23, we note that our refined sum-
maries and multiagent debate summaries are typ-
ically more diverse than baseline summaries, and
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Prompt

Prompt

Here are some summaries of the conversation given by
other agents:

SN
G
S
Using the summaries from other agents as additional
advice, can you give an updated summary? Examine your
solution and that other agents step by step. Please limit

your response to a single paragraph. Your summary should
be written in third-person.

Table 16: The modified multiagent debate prompt which
we used to append other agents’ summaries to the mes-
sage context. The example shown here assumes a total
of 3 agents, with their refined summary outputs denoted
as S 1, SQ, 53.

from our prior results discussed in Section 5, our
refined summaries are able to be more diverse with-
out sacrificing for text quality. This is important
because diversity itself is not necessarily equal to
quality — a set of highly diverse summaries can be
of either very high quality or of very low quality.
Essentially, some amount of diversity is desired,
but too much may be due to having a set of very
low quality conversation summaries.

On the InternalB dataset, we observe that our
refined summaries are the most diverse for both
Llama models, where from Section 5 we recall that
Llama-3.2-3B-Instruct outperforms baseline but
Llama-3.2-1B-Instruct does not, where it performs
worse than both baseline and multiagent debate ap-
proaches. This reflects on the point that diversity
is desirable up to a certain point, after which we
experience performance degradation. This point
is further highlighted by the fact that multiagent
debate summaries are the most diverse for Gemma-
2-2B-Instruct, despite them having the worst per-
formance when compared to both baseline and our
refined summary approach. This is best exempli-
fied by the diversity scores for Phi-3-Mini-Instruct,
where our refined summaries perform better than
both baseline summarization as well as multiagent
debate. In this scenario, our refined summaries
are more diverse than baseline summaries, but less
diverse than multiagent debate summaries, which
happen to perform the worst among the three.

These trends are also generally observed on the
MTS-Dialog dataset. In the case of Llama-3.2-
1B-Instruct, it exhibits the highest diversity across

Summarize the following conversation in one clear and
concise paragraph, capturing key ideas without missing
critical points.

Conversation:

{C}

For reference, here are some example summaries
from other agents:

Example Summary: {51}

Example Summary: {S2}

Example Summary: {Ss}

Table 17: The prompt that we used to merge summaries
to modify multiagent debate. Note that C' denotes the
input conversation, and S1, So, S5 denotes the example
summaries generated by the other agents. The example
shown above is for the case of 3 agents.

both test splits, despite performing worse than both
baseline summarization and multiagent debate. In-
terestingly, there is an exception with Gemma-2-
2B-Instruct, where our refined summaries are the
most diverse while also significantly outperforming
both baseline summarization as well as multiagent
debate, as recalled from Table 4 and Table 8.

On the NoteChat dataset, two notable excep-
tions to this trend are Qwen-2.5-0.5B-Instruct and
Gemma-2-2B-Instruct, where our refined sum-
maries are typically the most diverse on all test
splits while also achieving the highest quality (as
recalled from Table 5 and Table 9). Interestingly,
models like Llama-3.2-3B-Instruct typically show
that our refined summaries are the most diverse on
the NoteChat test splits, even though they do not
necessarily have the worse quality (that would be
baseline summarization). Nevertheless, we see that
these same general trends hold true, where some
amount of diversity in our text is desirable, but too
much can begin to sacrifice summarization quality.

Overall, we note that for all datasets and across
all models, our refined approach to generating sum-
maries through iterative text feedback is able to
improve the diversity of our health dialogue sum-
maries while still maintaining high text quality. Ap-
proaches such as multiagent debate are able to fur-
ther increase the summarization diversity in some
scenarios, but at the cost of degrading summariza-
tion quality.
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Prompt

Which of the following summaries does a better job
of summarizing the most important points in the given
conversation? A good summary contains informative
details in a precise and concise manner without omitting
any information. A good summary should be written in a
single fluid paragraph, without containing bullet points or
other extra formatting options.

Conversation:

{C}

Summary A:

{51}

Summary B:

{52}

FIRST provide a one-sentence comparison of the
two summaries, explaining which you prefer and why.
SECOND, on a new line, state only “A” or “B” to indicate

your choice. Your response should use the format:

Comparison:
nation>

<one-sentence comparison and expla-

Preferred: <“A” or “B”>

Table 18: The prompt that we used to compute the win-
rate between two example summaries. Note that each
comparison prompts the judge twice, where the second
comparison swaps the position of the two summaries
S1, S5 to account for positional bias.

F Winrates Per Combination

Recall that we displayed the number of agents
and number of rounds that we selected for each
model in Table 1. We display the full breakdown
of the winrate, as computed on a random split of
20 samples drawn from our InternalA dataset, in
Table 21, where our selected settings are bolded.
Settings were chosen first by those that minimized
the number of Gemini-2.0-Flash summaries which
are preferred and then by those that maximized the
number of model-generated summaries which are
preferred. In instances where two different settings
had equally identical optimal results, we biased
towards the setting with the larger number of feed-
back rounds, in order to ensure that more feedback
would be available in the scenario that difficult-to-
summarize conversations were encountered. This
tiebreaker setting was only used to determine the
optimal setting for Llama-3.2-3B-Instruct, where
both 3 agents 1 round and 3 agents 3 rounds dis-
played the same results.

G Results Compared To Dataset Labels

To ensure that our analyses arise from multiple
axes of evaluation, we also show results obtained
on the Internal A and MTS-Dialog datasets using
automated metrics, as these datasets have built-in
ground truth labels readily available. Note that we
do not report results on the NoteChat test splits,
as the associated ground truth labels are physician
SOAP notes rather than conversation summaries.

From Table 24, we see that Phi-3-Mini-Instruct
and Llama-3.2-3B-Instruct compare favorably
against Gemini-2.0-Flash on the Internal A dataset,
whereas other models that appear to do the
same (e.g. Llama-3.2-1B-Instruct, Gemma-2-2B-
Instruct) exhibit much lower performance as eval-
uated through winrate comparisons. These mul-
tiple axes of evaluation are important to visual-
ize the real differences in quality between the
model-generated summaries. For example, Qwen-
2.5-0.5B-Instruct has results on automatic metrics
which are somewhat comparable with Gemini-2.0-
Flash (although slightly worse), but exhibits a win-
rate of just 2.14% versus Gemini’s 82.86%, as re-
called from Table 2. For the MTS-Dialog splits, we
observe that Gemma-2-2B-Instruct and Phi-3-Mini-
Instruct are somewhat comparable to Gemini, with
Rouge-1 scores of 25.30 and 25.53 versus 27.60
(first test split), respectively. However, when we
evaluate these two models in baseline summariza-
tion through winrate comparisons, we see that they
only exhibit winrates of 16.50% and 22.50% (first
test split).

Using automated metrics to evaluate our refined
summaries, we observe in Table 25 that Llama-3.2-
3B-Instruct shows improvement versus baseline
summarization, with a Rouge-1 and Rouge-2 of
44.08 and 17.21, compared to 43.15 and 16.51,
an improvement that is also reflected in our win-
rate results. This is also reflected for models like
Gemma-2-2B-Instruct and Deepseek-R1-Distill-
Qwen-1.5B. On the other hand, Phi-3-Mini-Instruct
shows a significant degradation in performance
when we use automated metrics, with its Rouge-
1 falling from 44.07 to 36.77 and its METEOR
falling from 35.87 down to 30.48. However, these
results are in contrast to our winrate comparisons,
which we recall from Table 2 showed a 17.15%
performance improvement in samples that are con-
sidered preferred/comparable. On the MTS-Dialog
test splits, we observe a general decrease when
we evaluate using automatic metrics, which gener-
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Original Conversation

Doctor: Good afternoon, sir. My chart here says that you are a fifty one year old white male, is that correct? Patient:
Good afternoon, doctor. Yes, all of that is correct. Doctor: Great, thank you. Please, walk me through the history of your
symptoms, when did everything begin. Patient: Well, I was diagnosed with P T L D towards the end of two thousand seven.
Doctor: What symptoms were you experiencing? Patient: I had swollen lymph nodes, stomach pain, I was losing a lot of
weight, and I wasn’t really eating. Doctor: How have you been treated for this? Patient: Well, I didn’t go to the doctor
right away, but eventually I went to the hospital, and they did a biopsy of my groin lymph nodes, and they found large
scale lymphoma. Doctor: Who'’s care were you under in the hospital? Patient: Um, it was the renal transplant services. Oh
yeah, they talked about my case at the hematopathology conference. Doctor: That’s interesting. After you were diagnosed,
what treatments were you given? Patient: Um, I started chemo with, um, I have it written down, cyclophosphamide,
daunorubicin, vincristine, and prednisone. Doctor: Did you have any complications with chemo? Patient: Um, yeah, I
had sepsis during my first cycle, they said that [ had it even with growth factor support. I was also disoriented. Doctor:
How many cycles of chemo have you completed? Patient: I’ve done five to date. Doctor: Did you have your P E T Scan
after your first three cycles? Patient: No, [ wasn’t feeling well at all, so I didn’t go. Doctor: Has your chemotherapy been
interrupted for any other reason? Patient: Yeah, I had an infection related to the skin cancer, and a chest infection, sir.
Doctor: Did you have surgery for the skin cancer? Patient: Yes, I did. Doctor: Okay, and you’re here for your sixth round
of chemo, correct? Patient: Yes, that’s correct. Doctor: How are you feeling today? Patient: Overall, I feel pretty well.
Doctor: Are you having any cold or flu like symptoms today? Patient: No. Doctor: Any shortness of breath, or chest pain?
Patient: No, doctor. Doctor: Finally, your E C O G score is one according to the nurse, is that correct?

Candidate Summary

A fifty-one-year-old white male patient with a history of large-scale lymphoma, diagnosed at the end of 2007 and
initially treated by renal transplant services, underwent five chemotherapy cycles (including drugs like cyclophosphamide,
daunorubicin, vincristine, and prednisone) after experiencing complications such as sepsis. The patient’s treatment
was occasionally interrupted due to skin cancer surgery and subsequent infections but resumed for his sixth round of
chemotherapy. Currently on a low ECOG score of one, the patient reported overall well-being with no cold or flu
symptoms, shortness of breath, or chest pain during his recent consultation with the doctor.

Text Feedback

The summary is concise and accurately captures the essential information from the conversation regarding the patient’s
diagnosis, treatment history, complications, and current health status without redundancy or omission of crucial details.
However, it fails to mention that the PET scan was not performed after the first three cycles due to the patient feeling
unwell, which is a significant detail in understanding the full context of his treatment timeline.

Next Round Updated Summary

A fifty-one-year-old white male with a large-scale lymphoma diagnosis at the end of two thousand seven, treated initially by
renal transplant services, has undergone five chemotherapy cycles including cyclophosphamide, daunorubicin, vincristine,
and prednisone. Despite experiencing sepsis during his first cycle, surgical intervention for skin cancer, and infections
leading to temporary treatment breaks, he completed the sixth round of chemo with a low ECOG score of one. The patient
reported no current symptoms like cold or flu, shortness of breath, or chest pain but had not undergone his scheduled PET
scan after the initial three cycles due to ill health.

Table 19: One example of a conversation, summary, its corresponding text feedback, as well as the updated summary,
taken from the Phi-3-Mini-Instruct model. As we see, the text feedback highlights specific actionable improvements
to the summary, e.g. “However, it fails to mention that the PET scan was not performed after the first three cycles
due to the patient feeling unwell, which is a significant detail in understanding the full extent of his treatment
timeline”. These suggestions are then incorporated into the updated summary.
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Baseline Winrates

Model
Model  Gemini Comparable

Phi-3.5-Mini-IT 57.14% 18.57% 24.29%
Phi-4-Mini-IT 17.14%  60.71% 22.14%
Gemma-3-4B-1T 62.14% 12.86% 25.00%
Mistral-7B-IT-v0.3  47.14% 30.71% 22.14%
DS-Qwen-7B 53.57%  32.86% 13.57%
Llama-3.1-8B-IT 10.71%  75.00% 14.29%
DS-Llama-8B 42.14%  38.57% 19.29%
Gemma-2-9B-1T 42.86% 32.86% 24.29%

Table 20: Winrate of model outputs generated by base-
line approaches compared to summaries generated by
Gemini-2.0-Flash for the Internal A dataset. Percentages
are rounded to 2 decimal places.

ally clashes with our winrate comparisons. How-
ever, given the relatively low scores, evaluated via
automatic metrics, for even the Gemini-2.0-Flash
model, we hypothesize that this is simply due to the
different format of the ground truth labels, which
are generally single or double sentences, rather
than fully-fledged summaries.

For multiagent debate, the results illustrated in
Table 26 are even lower than both baseline sum-
maries as well as our refined summaries, further
reinforcing the efficacy of our refined summary
approach. The lone exception is the Deepseek-
R1-Distill-Qwen-1.5B model, which generally per-
forms better on all metrics, as well as Llama-3.2-
1B-Instruct, which exhibits a higher BLEU score
(3.10 versus 2.52 on the first test split) but compara-
ble ROUGE, METEOR, and BERTScore compared
to our refined summaries. These trends hold true
for both of the MTS-Dialog test splits.

H Preliminary Results on Larger LMs

We also ran preliminary experiments on the Inter-
nalA dataset for a wider variety of slightly larger
LMs for this task, as well as results illustrating the
winrates per combination for these LMs. While
investigating larger LMs are outside the scope
of our work, as we focus on smaller/compact
LMs, we recognize that results on larger LMs
may provide usefulness to others. Namely, these
models included Phi-3.5-Mini-Instruct, Phi-4-Mini-
Instruct (Abdin et al., 2024b), Gemma-3-4B-
Instruct, Mistral-7B-Instruct-v0.3 (Jiang et al.,
2023a), Deepseek-R1-Distill-Qwen-7B, Llama-
3.1-8B-Instruct, Deepseek-R1-Distill-Llama-8B,
and Gemma-2-9B-Instruct.

We first benchmark the winrate comparison re-
sults of baseline summarization approaches using

these LMs. In Table 20, we observe that all models
apart from Llama-3.1-8B-Instruct and Phi-4-Mini-
Instruct are able to outperform Gemini-2.0-Flash
on the InternalA dataset (i.e. Gemini-2.0-Flash ex-
hibits a winrate less than 50%), with Phi-3.5-Mini-
Instruct, Gemma-3-4B-Instruct, and Deepseek-R1-
Distill-Qwen-7B able to even exceed 50% winrate
for their generated summaries.

When benchmarked using automatic metrics, as
shown in Table 28, we observe that these models
are actually relatively comparable to the results we
observed in Table 24. In fact, only Gemma-3-4B-
Instruct is able to generally outperform Gemini-2.0-
Flash on the Internal A dataset, while for our origi-
nal suite of models this was the case for both Llama-
3.2-3B-Instruct and Phi-3-Mini-Instruct. However,
in this instance, we see that Gemma-3-4B-Instruct
also happens to exhibit the best results in the win-
rate comparison as well.

We also gathered results for each model on var-
ious combinations of number of agents and num-
ber of rounds, displayed in Table 27. We note
that the larger LMs typically perform better with
more agents and more feedback rounds, with the
Deepseek-R1-Distill-Llama-8B model even able to
achieve a perfect 100% winrate on the 20 sample
random split from the Internal A dataset. Addition-
ally, both Llama-3.1-8B-Instruct and Gemma-2-9B-
Instruct perform well at higher settings, with their
optimal combinations being A4R3 and A4R2, re-
spectively. Furthermore, only Phi-4-Mini-Instruct
has its optimal combination at a low number of
feedback rounds, which makes sense given its poor
baseline performance. In these scenarios, model-
elicited feedback may be of low quality due to the
poor baseline performance of the model, result-
ing in instances where additional feedback actually
ends up degrading model performance as observed
through winrate computations.

One thing to note is that we used the results
from Table 20 to inform our decision to choose
Phi-3-Mini-Instruct in our original set of mod-
els instead of Phi-4-Mini-Instruct, as Phi-3-Mini-
Instruct outperforms Phi-4-Mini-Instruct on the In-
ternal A dataset. Additionally, our winrate results
on different combinations from Table 27 illustrate
that the best setting for Phi-3-Mini-Instruct (A3R3)
outperforms the best setting we could achieve on
Phi-3.5-Mini-Instruct (A2R2). Furthermore, we
were unable to gather results on Phi-3.5-Mini-
Instruct for the A4R2 and A4R3 settings, due to
an open issue with the Phi-3.5 series models in Ol-
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Agent & Round Settings

Model
A2R1 A2R2 A2R3 A3RI1 A3R2 A3R3 A4R1 A4R2 A4R3

Qwen-2.5-0.5B-IT (1,19,0) (0,18,2) (0,17,3) (0,14,6) (0,17,3) (4,14,2) (1,154) (1,19,0) (1,17,2)
Llama-3.2-1B-1T 9,7,4) 89,3 @124 (11,720 (16,7 (11,72) (9,74 (10,6,4) (7.6,7)
Gemma-3-1B-IT 9,56) (4,133 (6,104) (4,88 (511,49 (3,98 5,8,7) (8,6,6) (5,6,9)
DS-Qwen-1.5B (1,13,6) (2,13,5) (2,8,100 (48,8 (3,10,7) (4,124 (2,12,6) (2,13,5) (3,12,5)
Gemma-2-2B-IT (13,43) (12,53) (153,2) (12,6,2) (13,4,3) (153,2) (@1523) (1145 (1442
Llama-3.2-3B-IT (17,2,1) (17,03 (17,1,2) (19,0,1) (17,0,3) (19,0,1) (17,0,3) (17,0,3) (18,2,0)
Phi-3-Mini-IT (16,1,3) (15,2,3) (17,1,2) (15.2,3) (17,1,2) (18,200 (14,0,6) (1424 (17,0,3)

Table 21: Winrate results for each combination of agent and round settings, computed for a random split of 20
samples drawn from the Internal A dataset. Each result is in the format (A, B, C'), where A, B, C denote the number
of model outputs that are preferred, the number of Gemini-2.0-Flash outputs that are preferred, and the number of
samples that are comparable, respectively. Note that A2R?2 for example denotes the setting using 2 agents and 2

rounds. The settings that we ended up selecting for each model are bolded.

Avg. Num. of Turns  Shortest Num. of Turns Longest Num. of Turns

Avg. Words Per Conversation

8.69 0 44 105.13
9.89 0 103 111.94
14.24 0 153 449.16
13.77 0 46 421.37
13.37 0 44 440.72

Table 22: Conversation statistics for the MTS-Dialog and NoteChat datasets. The top two sections correspond to
the MTS-Dialog test split one and test split two. The bottom three sections correspond to the NoteChat dataset for

random seeds of 42, 0, and 12345.

lama’. These issues randomly caused degenerated
text output by the Phi-3.5-Mini-Instruct model.

I Software Implementation

Our method is implemented using Python, with
Ollama quantized inference used for response gen-
eration. This approach ensures that our approach
can be ran viably without the use of any GPU. Fine-
tuning was implemented in Python, using the TRL
library for supervised fine-tuning, training on com-
pletions only. For these experiments, we used a
single GPU node with 40 GB of memory.

Although our approach utilizes multiple agents,
we remark that we only require enough memory to
store one model instance. Rather than instantiating
a new model instance to represent each agent, we
load one instance of the model and control for its
generated responses with different random seeds.
This design follows from the implementation of
multiagent debate

Zhttps://github.com/ollama/ollama/issues/6449
3https://github.com/composable-
models/llm_multiagent_debate/tree/main
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Baseline Results Refined Results MAD Results

Model
CR{) HS{) NGD(t) CR@{) HS{) NGD() CR{) HS{) NGD(M

Qwen-2.5-0.5B-IT 3.89 0.12 2.23 3.68 0.11 2.37 3.67 0.10 2.43
Llama-3.2-1B-IT 4.08 0.17 2.05 3.67 0.14 2.41 4.18 0.18 2.12
Gemma-3-1B-IT 4.61 0.14 2.17 4.08 0.19 2.30 3.92 0.15 2.35
DS-Qwen-1.5B 3.31 0.11 2.71 3.46 0.12 2.62 4.90 0.13 1.76
Gemma-2-2B-1T 4.62 0.21 1.85 4.02 0.19 2.32 3.64 0.04 2.56
Llama-3.2-3B-IT 421 0.18 2.03 3.85 0.16 2.31 4.15 0.19 2.09
Phi-3-Mini-IT 3.93 0.18 2.19 3.38 0.14 2.70 3.13 0.13 2.79
Qwen-2.5-0.5B-IT 345 0.16 2.53 3.28 0.14 2.63 3.37 0.12 2.61
Llama-3.2-1B-IT 3.53 0.19 2.40 3.31 0.16 2.70 3.73 0.21 2.37
Gemma-3-1B-IT 3.38 0.10 2.66 3.39 0.17 2.66 3.29 0.14 2.70
DS-Qwen-1.5B 2.98 0.14 2.87 3.11 0.14 2.81 3.30 0.19 2.63
Gemma-2-2B-IT 3.32 0.17 2.55 3.28 0.16 2.69 3.25 0.16 2.69
Llama-3.2-3B-IT 3.40 0.18 2.52 3.32 0.16 2.63 3.47 0.18 2.50
Phi-3-Mini-IT 3.20 0.16 2.71 3.10 0.14 2.87 2.95 0.13 2.96
Qwen-2.5-0.5B-IT 3.41 0.15 2.51 3.35 0.13 2.59 3.35 0.13 2.61
Llama-3.2-1B-IT 345 0.18 2.44 3.23 0.15 2.76 3.61 0.20 2.44
Gemma-3-1B-IT 343 0.10 2.68 3.34 0.17 2.68 3.18 0.07 2.78
DS-Qwen-1.5B 3.00 0.15 2.87 2.94 0.14 2.92 3.29 0.19 2.61
Gemma-2-2B-IT 3.31 0.17 2.55 3.21 0.15 2.74 3.18 0.16 2.72
Llama-3.2-3B-1T 3.34 0.18 2.53 3.25 0.15 2.68 3.40 0.17 2.54
Phi-3-Mini-IT 3.10 0.16 2.72 3.07 0.14 2.89 2.92 0.13 2.96
Qwen-2.5-0.5B-IT 3.93 0.17 2.55 3.15 0.12 2.72 3.26 0.13 2.68
Llama-3.2-1B-IT 3.08 0.20 2.72 2.99 0.15 2.96 3.12 0.19 2.78
Gemma-3-1B-IT 3.14 0.17 2.77 3.20 0.19 2.77 2.97 0.16 2.89
DS-Qwen-1.5B 2.77 0.14 3.08 2.82 0.13 3.04 2.97 0.18 291
Gemma-2-2B-IT 3.09 0.19 2.68 2.98 0.16 2.92 2.98 0.16 2.90
Llama-3.2-3B-IT 3.09 0.19 2.92 3.02 0.15 2.89 3.11 0.18 2.75
Phi-3-Mini-IT 2.94 0.17 2.86 2.79 0.12 3.11 2.75 0.11 3.13
Qwen-2.5-0.5B-IT 3.46 0.16 2.46 3.28 0.13 2.63 3.27 0.12 2.67
Llama-3.2-1B-IT 3.06 0.20 2.73 2.97 0.15 2.98 3.14 0.19 2.78
Gemma-3-1B-IT 3.07 0.18 2.84 3.22 0.19 2.81 2.95 0.15 2.94
DS-Qwen-1.5B 2.77 0.14 3.08 2.81 0.13 3.06 2.98 0.18 2.91
Gemma-2-2B-IT 3.11 0.20 2.68 2.98 0.16 2.94 2.96 0.16 2.93
Llama-3.2-3B-1T 3.09 0.19 2.74 3.05 0.15 2.88 3.16 0.18 2.73
Phi-3-Mini-IT 2.97 0.17 2.89 2.79 0.12 3.11 2.76 0.12 3.12
Qwen-2.5-0.5B-IT 3.41 0.16 2.46 3.08 0.13 2.82 3.18 0.13 2.70
Llama-3.2-1B-IT 3.07 0.20 2.72 2.96 0.15 2.96 3.14 0.19 2.76
Gemma-3-1B-IT 3.13 0.18 2.75 322 0.20 2.76 2.50 0.00 3.11
DS-Qwen-1.5B 2.77 0.14 3.09 2.82 0.13 3.04 2.97 0.18 291
Gemma-2-2B-IT 3.06 0.19 2.69 3.00 0.16 291 2.97 0.17 2.90
Llama-3.2-3B-IT 3.12 0.19 2.69 3.05 0.16 2.87 3.15 0.19 2.71
Phi-3-Mini-IT 2.97 0.17 2.85 2.79 0.12 3.10 2.77 0.13 3.10

Table 23: Diversity metrics computed for the baseline approach, our approach, as well as multiagent debate (MAD).
The top section displays results computed on the InternalB dataset, the next two sections display results computed
on the MTS-Dialog dataset (test split one and two), and the last three sections display results computed on the
NoteChat dataset (for random seeds of 42, 0, 12345). CR, HS, and NGD denote compression ratio, homogenization
score, and n-gram diversity, respectively. Arrows indicate the direction of more diversity. Note that results are
rounded to 2 decimal places. The most diverse scores, within each metric, model, and dataset are bolded.
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ROUGE BLEU METEOR BERTScore

Model
R-1 R-2 R-L R-LSum Precision  Recall F1

Qwen-2.5-0.5B-IT 37.09 1248 21.86 31.68 7.72 29.27 87.52 84.60  86.02
Llama-3.2-1B-IT 41.51 15.03 23.47 35.10 9.37 35.37 87.34 85.34  86.32
Gemma-3-1B-IT 38.37 1233 2291 32.40 7.37 27.74 87.60 84.63  86.08
DS-Qwen-1.5B 3470 11.21 21.36 29.28 5.61 23.94 88.16 83.86 8595
Gemma-2-2B-IT 39.77 14.15 21.82 35.66 6.67 36.49 85.85 87.18  86.50
Llama-3.2-3B-IT 43.15 16.51 24.55 36.36 10.30 37.99 87.38 85.59 86.47
Phi-3-Mini-IT 44.07 16.02 25.49 36.87 10.53 35.87 87.79 8529 86.52
Gemini-2.0-Flash 4247 1631 25.67 36.78 9.39 34.29 86.98 85.52 86.23
Qwen-2.5-0.5B-IT 20.15 5.82 14.90 14.91 3.94 24.42 86.29 87.62 8691
Llama-3.2-1B-IT 21.63 7.24 15.10 15.11 4.86 2591 85.60 88.37 86.92
Gemma-3-1B-IT 19.08 5.87 13.51 13.53 3.24 23.49 80.69 88.28 84.13
DS-Qwen-1.5B 20.69 6.32 15.18 15.30 3.59 24.88 85.83 87.88  86.80
Gemma-2-2B-IT 2530 9.01 19.21 19.15 6.91 30.87 86.90 89.44  88.12
Llama-3.2-3B-IT 2285 7.95 16.69 16.70 5.39 29.29 85.96 88.95 87.39
Phi-3-Mini-IT 25.53 8.88 19.11 19.08 6.21 30.18 86.94 89.11 87.97
Gemini-2.0-Flash 27.60 10.31 20.62 20.58 7.59 31.90 87.25 89.31 88.23
Qwen-2.5-0.5B-IT 19.13 5.03 13.77 13.77 3.40 24.57 85.84 87.57 86.66
Llama-3.2-1B-IT 21.04 6.51 14.71 14.71 4.54 27.55 85.46 88.35 86.84
Gemma-3-1B-IT 1794 5.12 12.78 12.80 3.58 22.96 80.22 88.12  83.78
DS-Qwen-1.5B 20.26  5.24 14.74 14.76 3.88 24.41 85.75 87.75 86.70
Gemma-2-2B-IT 24.01 7.98 18.03 18.05 7.10 30.53 86.65 89.39 8797
Llama-3.2-3B-IT 2235 694 16.04 16.03 5.40 30.01 85.82 88.93  87.31
Phi-3-Mini-IT 2530 790 19.16 19.18 6.79 30.77 86.94 89.26  88.05
Gemini-2.0-Flash 27.02 9.10 20.12 20.16 7.61 32.52 87.01 89.30  88.10

Table 24: Results computed via automatic metrics for baseline summarization model outputs. Note that the top half
displays results from the Internal A dataset, the middle half displays results for the MTS-Dialog first test split, and
the bottom half displays results for the MTS-Dialog second test split. Results are rounded to 2 decimal places.

Model ROUGE BLEU METEOR BERTScore
R-1 R-2 R-L R-LSum Precision  Recall F1

Qwen-2.5-0.5B-IT 34.89 10.93 19.06 28.81 5.61 31.31 86.12 84.51 85.29
Llama-3.2-1B-IT 41.89 14.72 22.99 34.48 8.97 35.51 87.23 8524  86.21
Gemma-3-1B-IT 38.05 12,15 2244 32.06 7.20 27.94 87.42 84.31 85.83
DS-Qwen-1.5B 36.67 11.65 21.08 30.06 6.86 27.74 87.58 84.37 8594
Gemma-2-2B-IT 41.03 14.55 24.10 34.57 9.56 33.58 87.66 84.92 86.26
Llama-3.2-3B-IT 44.08 17.21 24.90 36.52 10.34 39.72 87.37 85.96 86.66
Phi-3-Mini-IT 36.77 9.58 19.92 29.62 5.09 30.48 86.28 8491 85.59
Qwen-2.5-0.5B-IT 17.53 480 11.23 11.51 2.49 23.19 83.88 87.63 85.67
Llama-3.2-1B-IT 17.09 4.58 11.13 11.09 2.52 21.74 84.05 87.74  85.81
Gemma-3-1B-IT 1994 585 14.20 14.16 3.66 23.19 85.30 88.30 86.73
DS-Qwen-1.5B 20.18 5.74 14.71 14.68 3.01 24.63 85.72 88.00 86.80
Gemma-2-2B-IT 21.57 6.77 15.23 15.18 4.47 27.67 85.76 88.65 87.14
Llama-3.2-3B-IT 18.45 571 12.27 12.25 345 23.81 84.32 88.23  86.19
Phi-3-Mini-IT 19.02 5.16 12.74 12.72 2.70 24.14 84.48 88.44  86.38
Qwen-2.5-0.5B-IT 1647 382 10.44 10.67 2.05 22.77 83.72 87.45 85.50
Llama-3.2-1B-IT 16.08  3.91 10.28 10.26 2.53 21.44 83.93 87.63 85.70
Gemma-3-1B-IT 19.61 5.39 14.10 14.13 4.15 24.46 85.21 88.31  86.69
DS-Qwen-1.5B 20.58 522 1445 14.45 3.83 26.43 85.66 88.14 86.84
Gemma-2-2B-IT 21.06 6.68 14.75 14.79 5.48 28.04 85.63 88.71  87.10
Llama-3.2-3B-IT 17.63  4.95 11.49 11.51 3.28 24.59 84.18 88.23  86.12
Phi-3-Mini-IT 18.52 4.69 12.18 12.21 2.86 24.74 84.31 88.53  86.33

Table 25: Results computed via automatic metrics for summaries generated by blending via iterative feedback. Note
that the top half displays results from the Internal A dataset, the middle half displays results for the MTS-Dialog
first test split, and the bottom half displays results for the MTS-Dialog second test split. Results are rounded to 2
decimal places.
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ROUGE BLEU METEOR BERTScore

Model
R-1 R-2 R-L R-LSum Precision  Recall F1

Qwen-2.5-0.5B-IT 13.82 2.78 9.62 9.72 1.52 19.23 83.78 86.65 85.15
Llama-3.2-1B-IT 16.99 545 1147 11.45 3.10 21.76 84.16 87.61  85.81
Gemma-3-1B-IT 1547 433 1092 11.10 2.51 19.42 78.12 87.25 80.53
DS-Qwen-1.5B 2143  6.64 1631 16.30 4.58 26.39 86.47 8796 87.16
Gemma-2-2B-IT 21.33 6.87 15.28 15.28 4.24 27.01 85.42 88.97 87.13
Llama-3.2-3B-1T 1773  5.65 12.06 12.07 341 23.56 84.00 88.34  86.08
Phi-3-Mini-IT 1434 332 947 9.52 1.46 19.04 82.90 87.35 85.03
Qwen-2.5-0.5B-IT 13.13 3.16 9.33 9.42 1.56 18.38 83.68 86.52  85.03
Llama-3.2-1B-IT 16.60 4.78 11.30 11.28 3.19 22.32 83.94 87.77 85.77
Gemma-3-1B-IT 10.84 283 737 7.60 2.62 14.14 54.40 84.82  56.02
DS-Qwen-1.5B 20.05 574 15.03 15.06 4.49 25.99 86.14 87.77 86.90
Gemma-2-2B-IT 2042 599 14.34 14.38 4.30 27.19 85.34 88.87 87.04
Llama-3.2-3B-IT 1723 536 11.84 11.83 3.51 24.16 84.01 88.44  86.13
Phi-3-Mini-IT 14.00 3.01 9.16 9.20 1.51 19.04 82.72 87.27 84.90

Table 26: Results computed via automatic metrics for summaries generated by multiagent debate. Note that the top
half displays results from the MTS-Dialog first test split, and the bottom half displays results for the MTS-Dialog
second test split. Results are rounded to 2 decimal places.

Agent & Round Settings
A2R1 A2R2 A2R3 A3R1 A3R2 A3R3 A4R1 A4R2 A4R3
Phi-3.5-Mini-IT (12,3,5) (14,1,5) (16,3,1) (1442) (11,54) (1424) (12,5,3) - -
Phi-4-Mini-IT 4,124) 4,124) (3,152) (69,5 (4115 (2,12,6) (7,10,3) (3,12,5) (3,13,4)

Gemma-34B-IT  (18,02) (1523) (18,1,1) (17.0,3) (17,0,3) (19,0,1) (17,1,2) (19,0,1) (18,1,1)
Mistral-7B-IT-v0.3  (17,2,1)  (17,2,1)  (15,3.2) (17,03) (1622) (182,00 (17,03) (18,1,1) (17.2,1)

Model

DS-Qwen-7B (16,2,2)  (163,1) (18,200 (152,3) (1334 (1523) (1622) (1622) (162.2)
Llama-3.1-8B-IT  (19,1,0) (19,1,0) (19,1,0) (18,1,1) (19,1,0) (18,1,1) (18,1,1) (181,1) (19,0,1)
DS-Llama-8B (17,1,2) (182,00 (17.2,1) (17.2,1) (18,02) (1622) (1424) (17.12) (20,0,0)

Gemma-2-9B-IT  (12,53) (13,1,6) (122,6) (1532) (1424) (1505 (1523) (16,0,4) (17,1,2)

Table 27: Winrate results for each combination of agent and round settings, computed for a random split of 20
samples drawn from the Internal A dataset. Each result is in the format (A, B, C'), where A, B, C denote the number
of model outputs that are preferred, the number of Gemini-2.0-Flash outputs that are preferred, and the number of
samples that are comparable, respectively. Note that A2R?2 for example denotes the setting using 2 agents and 2
rounds. The best performing settings for each model are bolded.

Model ROUGE BLEU METEOR BERTScore
R-1 R-2 R-L R-LSum Precision  Recall F1

Phi-3.5-Mini-IT 39.80 12.54 21.97 32.04 7.03 34.58 86.24 8521 85.72
Phi-4-Mini-IT 3554 1047 19.16 29.47 5.34 31.96 85.87 8524 85.54
Gemma-3-4B-IT 4291 16.11 26.10 36.41 10.79 33.07 87.56 85.38 86.45
Mistral-7B-IT-v0.3 41.44 1591 23.48 35.14 9.84 36.15 87.55 8524  86.37
DS-Qwen-7B 40.75 1395 23.37 35.97 9.06 33.08 87.42 85.09 86.23
Llama-3.1-8B-IT 40.15 1490 22.80 36.12 8.82 35.93 86.88 86.19 86.43
DS-Llama-8B 40.07 14.74 2351 33.67 9.05 33.14 87.55 84.99 86.24
Gemma-2-9B-IT 41.16 15.07 25.56 35.27 10.11 31.97 88.13 8537 86.72

Table 28: Results computed via automatic metrics for summaries generated by baseline approaches, computed for
the Internal A dataset. Note that results are rounded to 2 decimal places.
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