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Abstract

With the exponential growth of research facili-
tated by modern technology and improved ac-
cessibility, scientific discoveries have become
increasingly fragmented within and across
fields. This makes it challenging to assess the
significance, novelty, incremental findings, and
equivalent ideas between related works, par-
ticularly those from different research commu-
nities. Large language models (LLMs) have
recently demonstrated strong quantitative and
qualitative reasoning abilities, and multi-agent
LLM debates have shown promise in handling
complex reasoning tasks by exploring diverse
perspectives and reasoning paths. Inspired by
this, we introduce Tree-of-Debate (ToD), a
framework which converts scientific papers
into LLM personas that debate their respec-
tive novelties. To emphasize structured, crit-
ical reasoning rather than focusing solely on
outcomes, ToD dynamically constructs a de-
bate tree, enabling fine-grained analysis of in-
dependent novelty arguments within scholarly
articles. Through experiments on scientific lit-
erature across various domains, evaluated by
expert researchers, we demonstrate that ToD
generates informative arguments, effectively
contrasts papers, and supports researchers in
their literature review.

1 Introduction

Navigating and identifying new and relevant re-
search findings has become non-trivial with the
popularity of open-access repositories. For exam-
ple, arXiv received over 24,000 submissions in Oc-
tober 2024 (arXiv, 2024), inundating researchers
with an overwhelming volume of information. This
astronomical surge in scholarly articles makes it dif-
ficult to identify novel findings and discern the dis-
tinctions between related papers, especially those
presenting similar ideas from different angles (e.g.,
papers from different research communities).
Automatically generating comparative sum-
maries of research papers has proven valuable
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Paper A does not include any domain-expert
E@] evaluators on their complex reasoning tasks. &

Paper B has 5 domain-expert evaluators to judge
their method on chemistry reasoning.

Figure 1: A hierarchy of contributions made by Papers
A and B, specific to the root topic. Green check mark:
a single paper makes a unique contribution; red X: an
overlapping contribution.

for addressing these challenges (Hayashi et al.,
2023). Existing comparative summarization works
(Strohle et al., 2023) typically follow a two-step
pipeline: (1) construct extractive summaries for
each document to (2) identify their similarities and
differences (Lerman and McDonald, 2009; Gunel
etal., 2024). However, despite using large language
models (LLMs), these methods often focus on
surface-level semantic differences, which may not
capture the most relevant distinctions. For example,
when comparing pre-trained models like “BERT”
(Devlin et al., 2019) and “RoBERTa” (Liu et al.,
2019), it is crucial to note that ROBERTa omits
next-sentence prediction, trains on ten times more
data, and achieves superior performance. These in-
sights require complex, comparative reasoning be-
yond basic semantics, as they rely on understanding
BERT’s contributions in the context of ROBERTa’s.
Thus, we propose the following principles:

Multi-persona debates elicit complex, compar-
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ative reasoning. We explore the use of multi-agent
debates for inducing fine-grained, comparative rea-
soning. These debates simulate group discussions
where agents suggest diverse answers, critique one
another, and refine responses to produce better out-
puts (Chan et al., 2023; Liang et al., 2024). Recent
work has also introduced defining LLM agents as
personas with distinct characteristics or values, en-
abling them to generate outputs that reflect the di-
verse perspectives needed to solve multi-faceted
problems (Tseng et al., 2024; Wang et al., 2024c).
Inspired by this, we propose converting scientific
papers into personas that debate each other to fos-
ter critical analysis. For instance, while the papers
debate their respective contributions to a topic, they
critically evaluate each other’s novelty and signifi-
cance relative to their own claims.

Tree-structured debates allow for indepen-
dent assessments of different contributions at
varying depths. A scientific paper often makes
contributions (e.g., methodology, dataset, evalua-
tion metric) that can be deconstructed into multi-
ple “sub-ideas.” Some sub-ideas may or may not
be novel (e.g., uses an existing architecture, but
proposes novel fine-tuning and evaluation mecha-
nisms) and consequently, should be independently
evaluated for their degree of novelty. Hence, an un-
structured debate combining all ideas is insufficient
for handling the complexity of scientific compara-
tive analysis. We instead propose a tree-structured
debate, where each node represents a specific con-
tribution topic being debated, and an edge indicates
unresolved points or interesting questions from the
parent debate node which warrant further explo-
ration in a child node. Figure 1 illustrates these
topical relationships.

Iterative retrieval throughout a debate im-
proves fine-grained reasoning. Due to their
lengthy nature, providing an entire paper in-context
is ineffective, as details specific to the debate node
topic may be overshadowed (Li et al., 2024). Con-
versely, using only the title and abstract results in
high-level comparisons based on surface-level se-
mantic differences. To address these long-context
challenges, we propose an iterative retrieval pro-
cess, where retrieval queries are dynamically de-
termined by the debate’s content. This ensures the
retrieved content is targeted to the specific con-
tribution in question, enabling personas to gener-
ate more compelling affirmative or opposing argu-
ments. For instance, as the debate progresses from
“reasoning evaluation” to “domain-expert evalua-

tion” in Figure 1, the evidence pool is updated to
be more fine-grained and relevant to the subtopic.
We integrate these proposed principles into Tree-
of-Debate, a framework which dynamically struc-
tures a debate between paper personas, conducted
by a moderator. First, each persona prepares (self-
deliberation) by retrieving topic-relevant segments
from their paper, identifying their novel contribu-
tions, and updating their evidence pool based on the
opposition’s claimed contributions (Section 3.3).
Based on this, the moderator determines the most
valuable subtopics to explore (e.g., second level of
Figure 1). For each subtopic, a child debate node
is formed, where each persona presents their initial
arguments, responds to one another (e.g., clarify-
ing questions, doubts), and revises their argument
based on the interaction. Based on the debate, the
moderator determines if the debate node is worth
expanding and exploring deeper into (Section 3.4).
If so, a more fine-grained set of subtopics are deter-
mined for the next level of debate children (Section
3.2.2). Our contributions can be summarized as:

* We introduce Tree-of-Debate, a structured
multi-persona debate framework, to generate
fine-grained contrastive summaries.

* Tree-of-Debate can dynamically construct
a debate tree to reason about fine-grained
arguments discussed in scholarly articles.

* Through experiments on real-world scientific
literature, we show that Tree-of-Debates elic-
its informative arguments and contrasts pa-
pers, aiding researchers in their work.

Reproducibility: We provide our dataset and
source code! to facilitate further studies.

2 Related Work

2.1 Persona Creation & Debate

Similar to how a person’s background shapes their
abilities, recent work has explored assigning per-
sonas to LLMs to capture diverse perspectives
and extract unique capabilities (Fu et al., 2023).
For instance, Portenoy et al. (2022) creates author
personas for author recommendation by applying
named entity recognition to papers and matches
authors based on shared terminology. As we aim
to highlight specific novelties and incremental con-
tributions between two papers, we instead define
a paper persona. While Portenoy et al. (2022)’s

"https://github.com/pkargupta/tree-of-debate
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personas represent the author’s multiple works and
are used solely for comparison, ours represent the
paper, actively debating for and defending it. Other
studies have also leveraged persona-driven debate
by assigning multiple personas— such as affirmative
and negative debaters along with a judge— to syn-
thesize diverse reasoning steps for tasks like com-
monsense generation and arithmetic, thereby re-
ducing confirmation bias inherent in self-reflection
methods (Liang et al., 2024). Although our objec-
tive differs, we similarly employ debate— not to
serve as a means to improve the final output but,
rather, as the outcome itself— using the tree di-
rectly to generate refined summaries of differences
between research papers.

2.2 Comparative Summarization

Generating comparative summaries is challenging
due to the diverse ways that differences between
two entities can be represented. Traditional graph-
based methods (Chen et al., 2022; Strohle et al.,
2023) classify sentences as a claim, similarity, or
difference and score them to produce extractive
summaries. While we use extractive summariza-
tion questions for self-deliberation, ultimately we
aim to generate an abstractive summary that syn-
thesizes the debate results. More recent works (Luu
et al., 2021) fine-tune models to generate explana-
tion sentences by first extracting in-text citation
sentences that compare a principal document with
a cited one, then maximizing the probability of gen-
erating the explanation given the two documents;
however, this approach typically yields only a sin-
gle sentence, which may not fully capture the nu-
anced differences between papers.

2.3 Generation of Related Works Sections

Multi-document summarization consolidates infor-
mation from various sources, a task that grows in
importance as scientific literature expands (Chen
et al., 2022). Certain works within the HCI space
(Palani et al., 2023; Lee et al., 2024), which have de-
signed off-the-shelf, interactive systems. However,
from a methodological standpoint, one approach
(Shi et al., 2023) expands a paper’s abstract into se-
mantically similar sentences to form search queries
for retrieving relevant papers, and then uses in-
context examples to generate related work sections.
On the other hand, DIR (Wang et al., 2024a) em-
ploys a structured fine-tuning process by prompting
a language model to extract commonalities and dif-
ferences from candidate summaries compared to a

gold standard. However, these methods face limita-
tions: the former is highly dependent on the quality
of its in-context example without clear guidelines
on how to structure the related work. The latter
requires fine-tuning the model for each dataset and
relies on similarity matching that can restrict sum-
mary content (Liu et al., 2023; Hayashi et al., 2023).
In contrast, our method uses debate rounds to guide
the summary structure, operates at inference-time
without training— making it domain-agnostic— and
leverages the reasoning capabilities of language
models to identify isomorphic properties of ideas
beyond mere semantic similarity.

3 Methodology

TREE-OF-DEBATE aims to determine and com-
pare the fine-grained scientific claims of two papers
through a methodology inspired by formal debate.
Our overall framework is presented in Figure 2.

3.1 Preliminaries

3.1.1 Problem Formulation

We assume two papers, p; and p2, and a topic ng
(e.g., “inference-time LLM reasoning methods™)
are provided as input by the user. Our goal is to
determine the specific novelties, incremental ad-
ditions, and equivalent contributions relevant to
no between p; and po, producing a debate tree
T with a corresponding comparative summary
S. In T, each node n; represents a topic (with ng
as the root), where topic n; guides the specific de-
bate occurring at that node. Topics may pertain
to both papers or only one (e.g., in Figure 1, only
p; = B includes “Backtracking”). An edge from
n; to nz indicates that n; is a subtopic of n; that
merits further exploration.

3.1.2 Segment-level Retrieval

An effective debate is contingent on an individ-
ual’s preparation before the debate and their abil-
ity to retrieve knowledge dynamically during the
debate. We employ a retrieval embedding model
(Xiao et al., 2023) and cosine-similarity to compute
and rank segment-level embeddings. We chunk
each paper into roughly three-sentence segments
such that it is easily comprehensible during the
debate.

3.2 TREE-OF-DEBATE Setup

We conduct a multi-persona debate between two
paper personas, p; and ps, based on the high-level
claim, pj is better than the ps for topic n;.  Our

29380



Input:
- PapersA&B B2
- Root Topic

s

Output: Debate Synthesis:

Once all debate paths have finished

2\
B &

O Segments — Identify novel contributions & evidence

Each paper self-deliberates:

Topic — Retrieve relevant segments

I Opposition’s novelties — do | address these? [%ZJE
(preemption) /
N

Moderator generates subtopics: 2

Given contributions, evidence, and preemption:
— further explore common & unique subtopics

|

J

expanding, use tree to summarize
the novelties & similarities

-

Moderator, should node be expanded? o

SANS
Progression of arguments in debate? m

Unresolved questions or doubts? Clear winner? .

@ Respond to each other (e.g, doubts, questions)

~N

&

fDebate Node: (Round Format)

@ Present why you better address the subtopic

@ Revise argument based on @ and @

.

J

Figure 2: We propose Tree-of-Debate, a novel framework which guides a multi-persona debate using a retrieval-
augmented tree. A — B within the diagram translates to the statement, “Given A, a persona arrives at B”.

B

goal is not to determine a final debate “winner’
but to capture the specific reasoning induced by
the debate format, reflected in the progression of ar-
guments and the degree of novelty in each paper’s
claims. While we explored novelty-specific claims
(e.g., “p1’s contribution towards n; is more novel
than ps’s”), this led to more surface-level argu-
ments. Moreover, a paper often features a breadth
of claims/ideas, motivating a debate structure that
is flexible to explore these different angles indepen-
dently. Thus, we propose a TREE-OF-DEBATE
(ToD), T', where each node represents a round of
debate (Section 3.2.2). A directed edge from par-
ent node n,, to child node n? indicates the debate
progressing into one of n,’s subtopics n? (out of
potentially k& subtopics). Leaf nodes indicate no
further progression in argumentation is evident.

3.2.1 Constructing the Personas

We leverage an LLM agent to embody each de-
bate persona, allowing for retrieved information
from the papers and the debate history to be easily
integrated into its context:

* Papers: Each paper persona is given the title, ab-
stract, and retrieved segments relevant to the start-
ing topic ng (updated at each self-deliberation
stage (Section 3.3)). Each paper persona’s p; role
is to argue that their contributions towards the
topic n; are better than persona p;’s.

* Moderator: Using the same underlying model
as the paper personas, the moderator (i) iden-
tifies key debate subtopics for determining the
papers’ similarities and differences, (ii) judges
the progression of the debate based on the au-
thors’ arguments, and (iii) synthesizes the debate
tree into a comparative summary.

3.2.2 Tree Node Format

Each tree node with topic n; undergoes a three-
stage debate (pre-, during, and post-debate). The
format is as follows:

1. Self-Deliberation (Section 3.3): Each persona
pq retrieves segments S relevant to n;, gener-
ates k claims C7 for their novel contributions,
cites corresponding evidence Ef' C S, and col-
lects counter-evidence from their own paper Ef
The moderator then selects k£ new subtopics for
the next level of k children, n} € N*.

. Debate (Prompts 19, 20, and 21): For each
child debate node ”3" each persona p, (i)
presents an argument that p,, is better than p; on
n;, (ii) responds to the opposing argument, and
(iii) revises their argument accordingly.

. Determine Expansion (Section 3.4): Based
on the debate at n;'-, the moderator determines
whether the arguments progressed or intro-
duced any unresolved questions meriting an-
other round. If so, the moderator triggers self-
deliberation for n; — n;

3.3 Self-Deliberation

Self-deliberation is an argumentative strategy (Tin-
dale, 2020) that enables one to “argue with oneself”
by considering alternative views, aiming to arrive
at the best, most well-justified conclusion. We
integrate self-deliberation into our multi-persona
debate for a given topic node n; and paper p,e(1,2):

1. Retrieve relevant segments S’ from p, that are
closely related to n;.

2. Generate k claims ¢; € C{ on the novel contri-
butions of p, toward n;. Each claim includes a
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title, description, and a set of mapped evidence

E(“z i) C S¢ (see Prompt 17).

3. Preempt p;,’s contributions, where Cf’ is exposed
in-context to p, and p, retrieves another round
of evidence £ aimed at targeting p;’s claims.

4. The moderator then uses F;, Ei, and C; to gen-
erate a list of subtopics for further exploration.

Retrieving relevant segments. For each paper
Pac{1,2}» We retrieve the top ¢ segments 336{172}
conditioned on node topic n; using the retrieval em-
bedding model (Xiao et al., 2023) (Section 3.1.2).
We embed n; using the query format: “[topic
name] : [topic description]” (the moderator
generates a description for each non-root node).
These segments form two separate pools of evi-
dence per paper to compose their novelty claims.

Preemption. For each of paper p,’s novelty
claims cl()i,j) € C’f with its corresponding evidence
E?, we retrieve additional segments E&j) from
Pq using the concatenated title and description of
cl(’i,j) as the query. Each retrieved segment e is
then filtered using an LLM-based step (Prompt 18)
that evaluates whether e (1) supports, (2) refutes,
(3) clarifies py’s claim, or (4) is irrelevant. While
redundant, we notice that explicitly including (4)
as an option helps with filtration performance. If
either (1-3) are true or (4) is false, then e is filtered

out. If |Ef, | = 0, we indicate that p, does not

address py’s claim, cl(’m). Overall, preemption al-
lows the paper personas to be better prepared for
their opposition’s arguments ahead of the debate.

Subtopic Generation. Using each paper’s title,
abstract, C;, I/;, and EZ-, the moderator generates k
subtopics n); € N’ that should be further explored
(Prompt 14). The moderator maps each subtopic
to at least one claim ¢; from either p; and/or po,
forming child debate nodes that explore overlap-
ping topics (e.g., “Reasoning Evaluation” in Figure
1) or topics potentially unique to one paper (e.g.,
“Multiple Paths”).

3.4 Debate Tree Expansion & Synthesis

While we motivate the personas to examine and
debate whether their work proposes a better idea
than their opposition, this mechanism is intended
to (1) emphasize the reasoning behind the idea
and (2) provoke debate on the novelty behind the
ideas, relative to each other. In other words, we
hypothesize that two very similar ideas (e.g., “Rea-
soning Evaluation” in Figure 1) will typically lead

to a longer debate subtree on which approach is
better. Conversely, a uniquely novel approach or
task proposed in py, relative to p2, may result in a
shorter debate as the moderator will ideally deter-
mine that po does not address p;’s claim in their
work and thus has a weak argument (e.g., “Back-
tracking” in Figure 1). To facilitate this process,
the moderator’s core tasks are detailed below.

3.4.1 Determining Round Depth Expansion

For debate node n;, the moderator assesses the
following (Prompt 15):

1. Argument Progression: Is there sufficient evo-
lution in the arguments or new, deeper concepts
being introduced to justify further debate?

2. Meaningful Questions: Have clarifying ques-
tions been raised that remain unanswered and
merit further discussion? If no questions are
raised, the moderator returns False.

3. Clear Winner: Is it clear that one paper has
won the debate, as their contributions are truly
better and do not warrant deconstruction (to de-
termine which subcomponents are truly better)?

If either (1) or (2) holds true, or if (3) does not indi-
cate a clear winner, the moderator proceeds to the
self-deliberation stage (Section 3.3) to identify new
subtopics and expand n; to n; € N°. Otherwise,
expansion stops for that debate path. A maximum
tree depth is also enforced.

3.4.2 Debate Synthesis

Once ToD has converged (i.e., all debate paths have
been adequately expanded), the moderator synthe-
sizes the entire debate tree into a paragraph-long
comparative summary. The debate tree is provided
in-context, with each node n; € T' containing the
following information: node topic title, node topic
description, persona p;’s revised argument (at
the end of the debate round), and persona ps’s re-
vised argument. The synthesis should first explain
the papers’ novelty similarities and then detail their
differences, with greater emphasis on the latter. We
provide the prompt in Prompt 16 and an example
subtree in Appendix K.

4 Experimental Design

We choose L1ama-3.1-Nemotron-70B-Instruct-
HF, an open-source model, as the base model
for all experiments. We sample from the top
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1% of the tokens and use the same temperature
settings across all samples (details on setting
and hardware provided in Appendix A; we also
conduct supplementary studies on replacing our
base LLM and retrieval model in Appendices
F and G). Finally, all prompts are provided in
Appendix M.

4.1 Dataset

No datasets currently exist for comparing non-
citing pairs of scientific papers— an overlooked
setting, especially given the growing scale of lit-
erature where not all relevant work can be cited.
Consequently, we aimed to construct a dataset with
papers that both cite and do not cite each other,
in order to test the robustness of Tree-of-Debate.
However, novelty comparison between papers is
a highly specialized and expensive task, requiring
rich domain expertise to verify— especially if such
papers do not explicitly cite one another. Thus,
we gathered five domain expert researchers (details
provided in Appendix D) to construct a dataset of
100 paper pairs across natural language processing,
data mining, electrical engineering, and aerospace
engineering (further details provided in Appendix
L). Each researcher identified at least five papers
they were highly familiar with, such that they could
perform a detailed and informed human evaluation.
They were instructed to annotate each pair with
a root topic and whether: (1) the papers roughly
focus on the same task but differ in methodology,
or (2) they work on different tasks that are applied
to similar motivations. Furthermore, they noted if
the papers explicitly cited each other or not. Table
1 shows the dataset distribution.

Category | Method Task | Total

Cited 15 15 30
Not Cited 30 40 70
Total | 45 55 | 100

Table 1: # of paper pairs/summaries per category.

4.2 Baselines

Given that our primary goal is to demonstrate the
difference in inference-time comparative reasoning
capabilities between ToD and current LLMs, we de-
sign the following prompting-based baselines: (1)
Single Stage uses the title, abstract and introduc-
tion sections of both papers to directly generate a
comparative summary (Martin-Boyle et al., 2024);

(2) Two Stage first individually summarizes each
paper based on the title, abstract and introductions,
and then uses the generated summaries to generate
a comparative summary (Zhang et al., 2024).

To contextualize improvements from each com-
ponent in ToD, we construct the following ablative
methods: (1) ToD (No Tree) removes the tree struc-
ture by merging child arguments into one and con-
sidering the combined subtopic as the debate node
topic; (2) ToD (No SD) removes self-deliberation
(SD) to test the impact of iterative retrieval based
on debate progression. No SD relies on the title,
abstract, and introduction of each paper instead of
retrieving based on the subtopic. We use the same
LLM for all comparisons. Complete baseline and
ablation details are provided in Appendix B.

4.3 Evaluation Metrics

The same domain-experts from Section 4.1 man-
ually evaluate each of their chosen pairs in-depth,
assessing various qualities of the 100 summaries.
We normalize each of the scores below and scale
them by 100 for the final results in Table 2:

e Factuality: How factual is the summary? Each
sentence is given a 1/0 binary score for factuality,
and the scores are averaged across the summary.

e Breadth: Is the summary comprehensive and
complete? Each summary is rated from 0-4 (“not
at all” to “very”).

* Contextualization: Does the summary explain
and/or justify the posed similarities/differences
between the papers, as opposed to just mention-
ing them? Each summary is rated from 0-4 (“not
at all” to “very”).

We note that we strive to balance the need for
“objective” metrics with some added flexibility, nec-
essary for this challenging evaluation task. Thus,
as we are exclusively using manual domain-expert
evaluation for all of our metrics, we include scor-
ing guidelines like “the summary covers all major
points, but still is not what I would expect” (criteria
for breadth score of 3). We provide the full metric
guidelines in Appendix C, in addition to an annota-
tion/evaluation agreement study in Appendix E.

5 Experimental Results

Overall Performance & Analysis. Table 2 shows
the performance of Tree-of-Debate (ToD) com-
pared with the baselines on factuality, breadth
of comparison (completeness), and contextualiza-
tion. We observe that the domain-experts found
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Table 2: We showcase TREE-OF-DEBATE’s strong performance across all comparison settings. Bolded values
indicate the top score; underlined indicates second-highest. We include two ablations which remove the tree
structure (No Tree) and self-deliberation (No SD), respectively.

Baseline Method + Cite Method + Not Cited Overall (Method)
Breadth  Context  Factuality | Breadth  Context  Factuality | Breadth  Context  Factuality
Single Stage 93.33 80.00 93.48 89.81 73.15 94.90 91.07 75.59 94.39
Two Stage 85.00 71.67 91.42 87.03 72.22 94.74 86.31 72.02 93.69
ToD (No Tree) 81.67 63.33 91.25 79.63 70.37 89.46 80.36 67.86 89.82
ToD (No SD) 91.67 76.67 82.33 86.11 94.44 76.33 88.10 88.10 78.21
Tree-of-Debate 96.67 93.33 92.80 93.52 93.52 96.80 94.64 93.45 95.37
Baseline Task + Cite Task + Not Cited Overall (Task)
Breadth  Context  Factuality | Breadth  Context Factuality | Breadth  Context  Factuality
Single Stage 81.82 65.91 94.44 88.46 71.15 92.31 87.00 70.00 92.78
Two Stage 89.29 82.14 97.14 86.84 78.29 94.18 87.22 78.89 94.54
ToD (No Tree) 67.86 67.86 61.11 83.55 73.03 91.43 81.11 72.22 89.74
ToD (No SD) 96.43 96.43 75.00 81.58 94.08 82.27 83.89 94.44 81.79
Tree-of-Debate 92.86 100 87.89 96.05 96.05 94.02 95.19 97.11 92.36

Table 3: Debate Round for Tree of Thoughts (ToT) vs. Chain-of-Thought (CoT); turns are summarized and
color-coded based on strength of argument (red/weak — yellow/medium — green/strong).

Stage

Dialogue for Subtopic: “Generalizability and Flexibility of Prompting Methods”

Present

ToT: ToT enhances flexibility via deliberate reasoning by exploring multiple paths, self-evaluation of choices,
and lookahead/backtracking capabilities— shown on a diverse set of tasks like Game of 24 and Creative Writing.
This is in contrast to CoT’s lack of deliberate reasoning and adaptability.

CoT: CoT excels in generalizability through its simplicity, requiring minimal examples to achieve strong results
across tasks. Unlike ToT, it avoids complex setups and can generalize to unseen tasks, making it more adaptable
with fewer computational demands.

Respond

ToT: While CoT is simpler, ToT’s added complexity is a necessary trade-off for deeper reasoning tasks, requiring
non-trivial planning and search. CoT’s ability to handle deeply nested or conditional reasoning remains unproven.

CoT: ToT may help in specific tasks, but CoT’s simplicity deliberately ensures broader applicability without
overfitting to specific task requirements. Though direct evidence for nested reasoning is lacking, CoT’s state-of-
the-art GSMS8K performance suggests complex reasoning robustness. A future study can compare both methods
on nested reasoning to settle this question empirically.

Revise

ToT: ToT has enhanced flexibility via adaptive reasoning path exploration— exploring multiple reasoning paths
and leveraging self-evaluation and lookahead/backtracking to tackle complex tasks— as shown on our diverse
problem domains. Our deliberate decision-making is advantageous for tasks with deeply nested or highly
conditional reasoning paths, where CoT may falter.

CoT: CoT maintains strong generalizability by balancing simplicity and effectiveness— including those with
complex reasoning requirements— without overfitting to specific task needs. This is demonstrated through its
SoTA performance on GSM8K.

ToD summaries 6.85% more complete and 25.98%
more contextualized compared to the most com-
petitive baseline. This observation indicates that
multi-persona debate trees help analyze pairs of pa-
pers to uncover more fine-grained contributions, as
well as identifying connections between the papers.
Given that all samples were carefully annotated and
evaluated by domain-experts, we are able to draw
several interesting insights, which we list below:

Structured debate improves the
contextualization of comparative summaries.
Our results show that TREE-OF-DEBATE signif-
icantly improves contextualization, achieving

an average score of 95.21% across all settings,
compared to 75.57% for the strongest baseline
(Two-Stage).  Our domain-expert evaluators
frequently observed that the LLM-generated
summaries (Single and Two Stage) at face value
mention a breadth of specific contributions made
by each paper, noting them as either similarities
or differences. However, these tend to resemble
extractive summaries, where phrases that are
semantically similar or dissimilar are extracted
from the papers’ abstracts and introduction
and are posed as similarities and differences
respectively, with no context provided on why
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Model

Comparative Summary Excerpts

Two MEGClass focuses on mutually-enhancing text granularities, iteratively refining its model through feedback between

Stage | document, sentence, and word levels, and requires an initial set of weakly labeled data. In contrast, LOTClass
innovates by relying solely on label names to train its model, employing a language model self-training approach
that obviates the need for any labeled documents, achieving high accuracy without human-labeled data.

ToD Both papers leverage limited labeled data to achieve robust performance. Both MEGClass and LOTClass also

employ iterative refinement techniques, with MEGClass using iterative feedback and LOTClass utilizing self-training
on unlabeled data. MEGClass uniquely leverages mutually-enhancing text granularities, capturing both coarse-
and fine-grained context signals to provide a more comprehensive understanding of class labels. In contrast,
LOTClass relies solely on label names, leveraging pre-trained language models to drive a self-training mechanism.
Furthermore, MEGClass’s adaptive granularity balancing approach provides robustness to label name selection,
whereas LOTClass’s reliance on label names alone may introduce biases.

Table 4: Case study on two weakly supervised text classification works (Kargupta et al., 2023; Meng et al., 2020).

this is the case. We further analyze this finding
in Section 5.1. Moreover, we see that without
the tree-structure, the debate’s analysis quality
deteriorates.  Specifically, for our “No Tree”
ablation study (Table 2), we modify our method to
combine all proposed subtopics by the moderator
(Section 3.3) into a single high-level topic. This
leads to lower contextualization and breadth of
contributions discussed, due to reasoning difficulty
in disentangling the contributions during the
debate. Thus, structuring the debate is necessary
to experience its contextualization benefits.

Retrieval-augmented debate ensures factual-
ity and breadth of comparison. In Table 2, we
compare the performance between ToD and “No
SD”, where the latter ablation replaces the itera-
tive retrieval step with simply providing the paper’s
title, abstract, and introduction as in-context evi-
dence across the entire debate tree (same setting
as the two baselines). We observe that No SD still
experiences the strong benefits of the structured
debate, evident through its similarly high contex-
tualization score (on average, 91.59%, compared
to ToD’s 95.46% and Two Stage’s 75.80%). We
note a drop in the factuality and breadth of the
summary. The information present in the abstract
and introduction is not detailed or deep enough
to facilitate fine-grained discussion of the paper.
This leads to more noise, and hallucinations, which
negatively impacts No SD’s breadth and factuality
scores. Therefore, iterative evidence retrieval is
necessary for exploring in breadth and minimizing
hallucinations.

ToD is robust to all comparison settings. We
analyze four different comparison settings (as de-
tailed in Section 4.1), where two papers may or may
not cite each other and differ in either their task or
method. We can see through Table 2 that regardless
of their comparison type, ToD demonstrates con-

sistently high performance— with only an average
standard deviation ¢ = 2.49 across breadth and
soundness, while Single Stage’s o = 5.32 and Two
Stage’s 0 = 3.39. While there are no consistent
trends across the different settings, studying them
allows us to ensure the consistency of ToD.

5.1 Qualitative Case Study

Evolution via Critical Reasoning. Our approach
enables paper personas to refine their comparisons
by addressing counterarguments elicited through
debate. Table 3 illustrates this through a debate
round between the Tree of Thoughts (ToT) and
Chain-of-Thought (CoT) papers on their generaliz-
ability and flexibility (n;). ToT initially highlights
its flexibility through deliberate reasoning, explor-
ing multiple paths with lookahead/backtracking.
However, CoT counters that ToT’s complexity hin-
ders broad applicability, whereas CoT can easily
generalize to a multitude of tasks with minimal
setup while still achieving state-of-the-art results.
In the revision stage, both refine their arguments:
ToT emphasizes adaptive exploration for complex
reasoning, while CoT maintains its simplicity, now
citing empirical success in complex tasks. It is in-
teresting to note that during the Respond stage, CoT
suggests a future study that would help validate
the claims made in the debate.

Contextualized Summaries. The baselines’
summaries tend to be extractive, not explaining
why certain comparisons are important and also
mistaking similarities for differences if their word-
ing is semantically dissimilar. Table 4 demonstrates
this finding; Two Stage mistakenly states that MEG-
Class “requires an initial set of weakly labeled data”
while LOTClass “innovates by relying solely on
label names”. However, this is false— both methods
only require the class label names. This similarity
is identified by ToD, which uses it to contextualize
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Model NLP | Data Mining | Electrical | Aerospace

Breadth  Context Fact | Breadth  Context | Breadth  Context Fact | Breadth  Context Fact
Single  86.74" 72.35 93.28 85.00 65.00  90.13% 100.00 8077 93.807 | 85.007 85.00f 958"
Two 84.85 74247 94131 70.00 71.67% 84.68 100.00 80.77% 94.14 85.00 90.00 97.14
ToD 95.08 95.83 9478 | 91.67 100.00 9099 | 98.08F 88.46 9136 | 100.00 90.00 88.64

Table 5: Domain-level performance for each model. Bold values indicate best in column; * marks second-best.

the methods’ differences: both use label names,
however MEGClass considers all three levels of
text granularity, while LOTClass solely relies on
the label names. ToD also provides further insight
into LOTClass’s over-reliance on label names po-
tentially introducing biases. ToD’s debate format
elicits critical reasoning and allows for a more in-
sightful, contextualized comparison. Appendices
K and J include in-depth qualitative analyses on an
additional sample’s tree and output summaries.

5.2 Domain-Level Performance

We study Tree-of-Debate’s performance in each
specific domain, with the quantitative results shown
in Table 5. We can see that overall, Tree-of-Debate
(1) has the biggest overall gains within the NLP
& Data Mining domains, (2) features large contex-
tualization gains in electrical engineering, and (3)
shows both context and breadth gains for aerospace.
However, we do note that the factuality score does
drop for the latter two domains. We hypothesize
that this is due to the relatively smaller scale of
research-level information of these fields within the
model’s pre-training knowledge, and thus increas-
ing the difficulty of the debate-specific reasoning.

5.3 Influence of Debate Depth

We include a qualitative case study in Appendix H
on how the summaries evolve as we vary the depth
from 1 to 3. As depth increases, both factuality
and contextualization generally increase. Based
on the expert’s feedback, it seems that depth=1 pro-
duces shallow summaries that lean more on their
surface-level knowledge of the paper’s abstract and
high-level points— leading to less contextualized
summaries. This also impacts the factuality, lead-
ing to more superfluous/overly positive statements.
However, this significantly improves as depth in-
creases, where the personas are able to dive deeper
into fine-grained points and are able to further
refine/tone-down their exaggerated arguments.

5.4 Contextualization & Factuality Trade-off

We observe a slight trade-off between contextual-
ization and factuality. When factuality mistakes
do occur, they are primarily made when facts are
mixed up between the papers when summarizing
their debate. For example, when comparing Sener
and Savarese (2017) and Kumari et al. (2024), ToD
thinks Sener and Savarese (2017) is “applicable
across various domains, including image classifi-
cation and ICL [in-context learning ” for LLMs.
In fact, Sener and Savarese (2017) is for image clas-
sification, while Kumari et al. (2024) is for ICL.
Furthermore, especially in more challenging
comparisons where the overlap between the papers
may not be explicit (e.g., task-based comparisons),
ToD must take more of a “leap” with respect to its
reasoning to identify similarities and differences
between the papers within the debate. Overall, this
more challenging setting leads to a drop in factu-
ality compared to baselines. We provide a more
comprehensive error analysis in Appendix 1.

6 Conclusion

Automatic summarization is essential for manag-
ing the growing volume of research. We intro-
duce TREE-OF-DEBATE, a structured approach
that models papers as personas engaging in a de-
bate to extract their key similarities and differences.
Our method organizes debates into a hierarchical
structure to produce abstractive and contextualized
summaries while preserving their factuality. With
thorough domain-expert empirical evaluation and
qualitative case studies, we demonstrate that Tree-
of-Debate significantly outperforms baselines.

7 Limitations & Future Work

We explore some limitations of our work. Within
each debate round (each persona presenting their
arguments, responding to one another, and revising
their arguments), we note that a crucial element to a
productive debate round is each persona providing
meaningful feedback (e.g., doubts, clarifying ques-
tions) within the “respond” stage. However, the
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quality of this critical response may vary based on
the difficulty of the task (e.g., a more fine-grained
topic that has no presence within the model’s ex-
isting pre-training dataset) and/or the size of the
model.

Furthermore, we notice that as a debate path pro-
gresses to deeper levels, if certain evidence is not
present to support a paper’s fine-grained claims,
the personas begin to suggest potential future stud-
ies or even new methods (e.g., combining certain
strengths of the two methods). While this does
introduce some noise (as we can see through our
competitive factuality scores, this is minimal) to
our summarization process, these types of “halluci-
nations” in the debate present exciting new paths
for research to explore.

Tree-of-Debate can be extended to other gen-
eral, complex reasoning tasks which can exploit
our tree-based decomposition and debate-based
critical feedback. For instance, complex quan-
titative reasoning problems can often be decom-
posed into several sub-problems, which can be rep-
resented within our tree structure. Each persona
can instead represent a different approach to solve
that specific sub-problem. We can also consider
extending this to a negotiation setting, where there
are various aspects to consider when determining
the optimal compromise. For example, two parties
can negotiate on a price of a car with respect to its
make, model, mileage, etc. Each of these can be
explored within their own respective subtrees.
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A Experimental Settings

We choose L1ama-3.1-Nemotron-70B-Instruct-
HF, an open-source model, as the base model for
all experiments. We sample from the top 1% of
the tokens and set the temperature between (0, 0.5)
to trade-off between deterministic and creative
generation based on the nature of the given task
(same setting across all samples):

 Paper generates arguments: 0.3
» Paper whether evidence is relevant: 0
* Paper presents its argument: 0.1

* Paper responds to the opposition’s argument:
0.4

* Paper revises its argument: 0.4

* Moderator generating subtopics: 0.3

* Moderator determines whether to expand the
debate note: 0.1

* Moderator summarizes a debate path: 0.4

We set the number of retrieved segments § = 5
so that we can gather a sufficient amount of ev-
idence while not overwhelming the debate with
long-context. We set the number of generated
subtopics k = 3, for covering a reasonable breadth
of topics while minimizing redundancy. Finally,
we set the maximum debate tree depth [ = 3 for
adequate exploration. We use vLLM (Kwon et al.,
2023) for distributed and constrained generation on
four NVIDIA A100 GPUs.

B Baselines

We compare Tree-of-Debate (ToD) with the follow-
ing prompting-based baseline methods. We use the
same base language model for all comparisons.

* Single-stage: We prompt an LLM with the title,
abstract and introduction sections of both focus
and opposition papers. We prompt the model to
directly generate a contrastive summary of the
two papers (Martin-Boyle et al., 2024).

* Two-stage: We first instruct an LLM to individ-
ually summarize each paper based on the title,
abstract and introductions. We then use the gener-
ated summaries to prompt the model to generate
a contrastive summary (Zhang et al., 2024).

To contextualize improvements from each com-
ponent in Tree-of-Debate we construct the follow-
ing ablative methods:

* ToD (No Tree): We remove the tree structure
from Tree-of-Debate by merging child argu-
ments into one. We do so by concatenating the
topics and descriptions of the child subtopics
and tag them to distinguish the topics. In each
debate round, the model is prompted with the
combined subtopic and its corresponding de-
scription.

e ToD (No SD): We remove self-deliberation
(SD) to test the impact of iterative retrieval
based on debate progression. We do so by
prompting the model with title, abstract, and
introduction of each paper instead of retriev-
ing based on the subtopic.
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C Evaluation Metrics

The same domain-experts from Section 4.1 manu-
ally evaluate each sample in-depth, assessing vari-
ous qualities of the summaries:

e Factuality: How factual is the summary?
Each sentence is given a 1/0 binary score for
factual or not, and the scores are averaged
across the summary.

* Completeness: Is the summary comprehen-
sive and complete? This is evaluated using
the following Likert scale:

0. Not at all, the summary misses (MULTI-
PLE) major points.

1. No, the summary misses a (SINGULAR)
major point.

2. Somewhat, the summary misses minor
points.

3. Yes, the summary covers the major
points, but still is not what I would ex-
pect.

4. Very comprehensive, the summary cov-
ers the major points.

* Contextualization: Does the summary ex-
plain and/or justify the posed similari-
ties/differences between the papers, as op-
posed to just mentioning them?

0. Not at all, the summary is simply
extractive— it just seems to take different
subtopics from each paper and doesn’t
synthesize them— no justification behind
similarities and differences.

1. No, the summary attempts at some level
of synthesis, but it is not meaningful.

2. Somewhat, the summary attempts at syn-
thesizing at most one point.

3. Yes, the summary contains meaningful
synthesis but only for a minority of
points.

4. Strongly contextualized, the summary
contains meaningful synthesis across all
major points.

We then perform min-max normalization to con-
vert the Likert Scale-based scores to a value be-
tween 0 and 1 (e.g., (x — 0)/4) across all annota-
tors.

D Domain-Expert Profiles

Given that novelty comparison between papers is
a highly specialized and expensive task, we gather
five domain experts to both collect and annotate our
dataset, as well as evaluate Tree-of-Debate’s gener-
ated summaries based on their respective samples.
Each domain expert is a graduate student with 3+
years of research experience in a specialized area:

1. Domain Expert #1: A third-year PhD in com-
puter science with ten publications; research
expertise is text mining and data mining.

2. Domain Expert #2: A third-year PhD in
aerospace engineering with two publications;
research expertise is in electric propulsion.

3. Domain Expert #3: A second-year PhD (with
two years of a research-track Masters) in elec-
trical engineering with four publications; re-
search expertise is in in-memory computing
and wireless communications.

4. Domain Expert #4: A first-year PhD (with
two years of a research-track Masters) in com-
puter science with six publications; research
expertise is data-efficient natural language pro-
cessing.

5. Domain Expert #5: A first-year PhD (with
two years of a research-track Masters) in com-
puter science with twenty-five publications;
research expertise is large language model
training and efficiency.

E Human Annotation & Evaluation
Agreement

Annotation Agreement. We note that in our
dataset, the annotations for method/task and
cites/not-cited are not subjective, and have
clear guidelines when two papers differ by
task or methodology, or have a citation link
between them (Section 4.1). Nonetheless,
we had the NLP domain-expert relabel the
data/text mining paper pairs (and vice versa),
and found a 100% agreement score between
the original labels and re-annotated labels.

Evaluation Agreement. Due to the nature
of the task, it is challenging to find multi-
ple domain-experts that study the same fine-
grained research topics (e.g., hall thrusters
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+ electric propulsion in Aerospace Engineer-
ing; wireless sensing + in-memory comput-
ing for Electrical Engineering). However, the
scale and degree of overlap between certain
computer science subfields allows for mul-
tiple domain-experts to evaluate at least a
subset of the same papers. Thus, the NLP
and data mining domain-experts evaluated the
summaries for a subset of each other’s papers
which they felt confident in their comprehen-
sion of. Based on these results, Breadth and
Contextualization both have 80% agreement
rate and 95% ordinal agreement index. We
show factuality’s intra-class correlation (ICC)
scores in Table 6, which indicate that factual-
ity has “good reliability” and close to ‘“‘excel-
lent reliability”.

ICC Factuality

ICC1k 0.855802
ICC2k  0.860777
ICC3k 0.891537

Table 6: Intra-class correlation (ICC) scores for
NLP/Data Mining factuality evaluation.

F Case Study on Base Retrieval
Embedding Model

For the base retrieval embedding model, we
used BAAI/bge-large-en-v1.5, which is
one of the most popular retrieval embed-
ding models that is specifically designed for
retrieval-augmented LLMs and dense retrieval
tasks. As a supplementary experiment, we
show a qualitative comparison between BGE
and e5 in Table 7, where we include the top
four retrieved segments given the initial topic
query (using the MEGClass/LOTClass paper
pair used in Table 4). This allows us to deter-
mine the difference in retrieval quality inde-
pendent of any other influencing factors (e.g.,
LLM temperature).

In Table 7, we can see that two of the top-4
segments overlap between the two embedding
models (BGE segments #1 and #3; e5 seg-
ments #1 and #2). Additionally, BGE’s seg-
ment #2 and #4 discuss the use of a pseudo-
training dataset and class-indicative terms,
similar to e5’s segment #4. However, we

29391

can see that e5’s segment #3 primarily dis-
cusses the ethical concerns (e.g., bias in pre-
trained language models). This is not as rele-
vant to the core query topic of “text classifica-
tion”, hence making the retrieved segments
of BGE slightly more preferable.

G Case Study on Base LLM

We show a qualitative case study for the same
paper pair used in Table 4, but across base
model type and size. Given the response
character limit, we include the specific feed-
back from the annotator on the generated sum-
maries and their corresponding scores instead
in Table 8.

Overall, we can see that the contextualiza-
tion performance across different base mod-
els and model sizes is quite consistent, with
smaller model sizes primarily impacting
the breadth and factuality of the summary.
It seems that using the larger model (70B)
results in Tree-of-Debate exhibiting better
breadth performance (can identify all the
major comparison points) and drawing out
more meaningful analysis.

H Influence of Debate Depth

Table 9 presents a qualitative case study on
how the summaries evolve as we vary the
depth from 1 to 3. As depth increases, both
factuality and contextualization generally
increase. Based on the expert’s feedback, it
seems that depth=1 produces shallow sum-
maries that lean more on their surface-level
knowledge of the paper’s abstract and high-
level points— leading to less contextualized
summaries. This also impacts the factual-
ity, leading to more superfluous/overly pos-
itive statements. However, this significantly
improves as depth increases, where the per-
sonas are able to dive deeper into fine-grained
points and are able to further refine/tone-down
their exaggerated arguments.

I Error Analysis

ToD’s factuality mistakes are primarily due to
confusing facts between different papers. For
example, as ToD compares Treelnstruct (Kar-
gupta et al., 2024) and BRIDGE (Wang et al.,



Initial Debate Query:

text classification

BAAI/bge-large-en-v1.5

intfloat/e5-large-v2

Rank #1 Segment

Introduction Text classification is a fundamental task in Natu-
ral Language Processing (NLP) that enables automatic label-
ing of massive text corpora, which is necessary in many down-
stream applications [...] Prior works train text classifiers in a
fully-supervised manner [...] that requires a substantial amount
of training data, which is expensive and time-consuming, es-
pecially in emerging domains |[...]

, wisj 1] as a list of words. Class Representations. Weakly
supervised text classification problems can be initially ap-
proached by getting class representations using a pre-trained
language model

Rank #2 Segment

However, existing approaches treat different levels of text
granularity (documents, sentences, or words) independently,
disregarding inter-granularity class disagreements and the con-
text identifiable exclusively through joint extraction. In order
to tackle these issues, we introduce MEGClass, an extremely
weakly supervised text classification method that leverages
Mutually-Enhancing Text Granularities. MEGClass utilizes
coarse and fine-grained context signals obtained by jointly
considering a document’s most class-indicative words and sen-
tences

Introduction Text classification is a fundamental task in Nat-
ural Language Processing (NLP) that enables automatic la-
beling of massive text corpora, which is necessary in many
downstream applications [...] Prior works train text classifiers
in a fully-supervised manner [...] that requires a substantial
amount of training data, which is expensive [...]

Rank #3 Segment

wlisj 1] as a list of words. Class Representations. Weakly super-
vised text classification problems can be initially approached
by getting class representations using a pre-trained language
model

Finally, handling class hierarchies may improve MEGClass’s
fine-grained classification abilities. Ethics Statement [...] text
classification is a standard problem across NLP applications
and basing it on extremely weak supervision helps as a barrier
to any user-inputted biases. [...] any hidden biases that exist
within the pre-trained language models |[...]

Rank #4 Segment

The pseudotraining dataset is used to fine-tune a text classifier.
3. Experiments on seven datasets demonstrate that MEGClass
outperforms existing weakly and extremely weakly supervised
methods, significantly in long-document datasets and competi-
tively in shorter, coarse-grained datasets.

It then utilizes the most confident documents for each class
to update its understanding of the respective class, ultimately
constructing a pseudo dataset to fine-tune a text classifier. Sen-
tence Representation: Class-Oriented Each word in a sentence
is assigned a weight based on the similarity between its closest

class and the average of all class representations, finally to
derive a class-oriented sentence representation

Table 7: Comparison of top retrieved segments between different base retrieval models (BAAI/bge-large-en-v1.5
and intfloat/e5-large-v2) for the query: text classification.

Model Summary Takeaways Raw Scores

Llama-3.1-8B 2/4/70.7273

- Focuses on pre-trained language models as the sole similarity; should have mentioned the supervision
levels and presence of iterative feedback.

- Correctly identifies the differences in textual granularities used by the two papers and its significance
towards fine-grained classification

- Correctly identifies the differences in how the different methods compute the different contextualized
document representations

- Correctly identifies that LOTClass has a more robust self-training approach; also interestingly mentions
that LOTClass uses larger-scale datasets which is a good point to mention (albeit worded superfluously)
- Implicitly frames LOTClass more as a work for fine-grained text classification (e.g., “LOTClass’s
self-training approach is more robust and efficient in handling fine-grained text classification tasks.”)

Qwen2.5-32B 3/4/1

- Correctly mentions the goal of weak supervision, but does not explicitly state that both use the same
type of supervision (surface class labels); only mentions this for LOTClass

- Correctly identifies the differences in textual granularities used by the two papers and its significance
towards fine-grained classification (good that it mentions the performance on specific fine-grained
datasets)

- Mentions LOTClass’s strong performance on the datasets; not as important for a comparative analysis
since these are non-overlapping with MEGClass — may be leaning on abstract more for this point

- Correctly identifies that LOTClass’s approach is more simple and thus more adaptable and efficient.
- Did not mention MEGClass’s iterative feedback approach—-relevant to LOTClass’s self-training ap-
proach.

Llama-3.1 Nemotron-70B - Correctly identifies that both methods utilize weak supervision 4/41/1
- Correctly identifies that both methods utilize iterative refinement techniques (and mentions the specific
approaches as well)

- Correctly identifies the differences in textual granularities used by the two papers and its significance
towards long document classification

- Correctly mentions LOTClass’s simplicity — Bonus!

- Provides further analysis on MEGClass’s robustness due to considering multiple granularities, while
mentioning that LOTClass may be influenced by PLM biases due to relying solely on class labels
(single granularity)

- Great analysis towards the end: “the trade-offs between the two approaches, with MEGClass offering
enhanced contextual understanding at the cost of increased complexity, and LOTClass providing

simplicity and generalizability at the potential expense of nuance in classification.”

Table 8: Summary takeaways and scoring across different base models for comparative text classification analysis.
Score format is: breadth / context / fact.

2024b), it mentions that both have “distinct
approaches to addressing interdependent mis-

takes”. The reality is that Treelnstruct explic-
itly addresses interdependent mistakes, while
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D  Summary Takeaways Scores

1 - Correctly identifies that both methods focus on weak supervision, but claims that LOTClass is the only method that uses extremely 4 / 2 /
weak supervision (both methods do) 0.7272
- Vague statement: “This granularity-agnostic property makes LOTClass more versatile, particularly in scenarios where multi-
granularity information is limited.”

- Somewhat surface-level points; the summary seems to mainly draw on the abstracts of each work. For example, “MEGClass uniquely
employs mutually-enhancing text granularities” — a more contextualized summary would explain the different granularities (word,
sentence, and doc-level) and which ones overlap with LOTClass (document-level).

- Another high-level statement: “Ultimately, the papers’ distinct strengths and weaknesses underscore the complexity of text
classification with minimal supervision, highlighting the importance of continued research in this area”

- Overall, the correct points are brought up (e.g., MEGClass’s iterative feedback vs LOTClass’s self-training), but they seem a bit
surface level and do not indicate “deep understanding” of the works’ similarities and differences.

2 - Great that it is mentioned that both papers tackle weak supervision and use PLMs 3/4/0.7
- Misses that both have a similarity of having an iterative approach (but still brings it up within the dissimilarities since they are
different approaches to iterative feedback)
- Correctly identifies the differences in textual granularities used by the two papers and its significance towards fine-grained classification
- Correctly brought up simplicity: “LOTClass prioritizing simplicity and MEGClass balancing efficiency with contextual understanding”
- Some factuality issues: “LOTClass’s self-training process effectively mitigates biases through adaptive label utilization [...] MEGClass
contributes more significantly to the topic of Efficient Self-Training for Text Classification” — not a fair argument to make

3 - Correctly identifies that both methods utilize weak supervision 47471
- Correctly identifies that both methods utilize iterative refinement techniques (and mentions the specific approaches as well)
- Correctly identifies the differences in textual granularities used by the two papers and its significance towards long document
classification
- Correctly mentions LOTClass’s simplicity — Bonus!
- Provides further analysis on MEGClass’s robustness due to considering multiple granularities, while mentioning that LOTClass may
be influenced by PLM biases due to relying solely on class labels (single granularity)
- Great analysis towards the end: “the trade-offs between the two approaches, with MEGClass offering enhanced contextual
understanding at the cost of increased complexity, and LOTClass providing simplicity and generalizability at the potential expense of
nuance in classification.”

Table 9: Depth-wise (D) evaluation of summary takeaways (provided by domain-experts) and their corresponding
scores. Score format is: breadth / context / factuality.

BRIDGE does not. According to the human
annotator, this sentence received a factuality
score of 0.

A breadth mistake is when certain similarities
or differences are excluded from the summary.
For example, when comparing SMART (Ren-
duchintala et al., 2024) and “Active Learning
for Convolutional Neural Networks” (Sener
and Savarese, 2017), ToD misses a similarity
between these papers that is relevant to the
topic of “efficient data selection”. Both pa-
pers represent data similarity as proximity in
the embedding space — despite being an im-
portant detail in data-efficient research, this
similarity is not included in the summary. For
this reason, the human annotator gave the sum-
mary a 2/4 score for breadth (a breadth score
of 2 indicates that the summary misses minor
points).

ToD tends to make fewer contextualization
mistakes, but the mistakes occur when differ-
ences are not explained properly. For example,
when comparing Tree-of-Thoughts (Yao et al.,
2023) (ToT) and Chain-of-Thought (Wei et al.,
2022), ToD recognizes that ToT uses “deliber-
ate decision-making” and “a more structured
decision-making process”, but never elabo-
rates on the specifics of the decision-making
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process. Because the “decision-making pro-
cess” was mentioned twice by ToD, it is im-
portant to explain the process clearly and suc-
cinctly. Hence, this is a contextualization mis-
take. According to the domain-expert, this
summary received a 3/4 because the differ-
ences and similarities were not adequately ex-
plained.

J Comparative Analysis of Output
Summaries: Treelnstruct vs. BRIDGE

Tables 10 and 11 contain comparative sum-
maries from the baseline, ablations, and our
final method on the papers, Treelnstruct (Kar-
gupta et al., 2024) and BRIDGE (Wang et al.,
2024b)— Papers 0 and 1, respectively. Be-
low, we qualitatively compare each summary,
pointing out the weaknesses and strengths,
and show how our method is able to address
all the issues brought up in the baseline sum-
maries.

The top left contains the Two-Stage baseline.
The Two-Stage baseline tends to contain near-
copy phrases from the paper, resulting in an
overly specific, extractive and unnatural
summary (an example is the first line high-
lighted in red: “Methodological Approach:
Paper 0 employs...”). As a result, the differ-



Table 10: Summaries from two methods: ToD (No Tree) — the TREE-OF-DEBATE ablation — and the Two-Stage
baseline. The papers being compared are Treelnstruct and BRIDGE: they develop LLM-based instructors that guide
students towards the answers to their questions rather than give away the answers. The rest of the table follows in
11.

Two-Stage | ToD (No Tree) |

Both papers focus on enhancing educational experiences
through innovative technological approaches. Both uti-
lize novel methodologies to address specific learning
challenges (code debugging for Paper 0 and math reme-
diation for Paper 1). Both papers emphasize the impor-
tance of real-world validation and case studies to assess
the effectiveness of their proposed solutions. Topic Fo-
cus: Paper O focuses on code debugging with Treeln-
struct, while Paper 1 addresses math mistake remedia-
tion with the Bridge method. Methodological Approach:
Paper 0 employs state space estimation and dynamic tree-
based questioning, whereas Paper 1 utilizes cognitive
task analysis and decision-making models. Evaluation
Metrics: Paper 0 measures performance on debugging
datasets and student engagement, whereas Paper 1 as-
sesses the preference for LLM responses with expert de-
cisions and conducts lexical analysis. Target Audience:
Paper 0’s work is geared towards students of varying
skill levels in code debugging, whereas Paper 1 focuses
on 1st-5th grade students in Title I schools for math tu-
toring. While both papers contribute to the educational
technology landscape, Paper 0’s Treelnstruct offers a
novel approach to code debugging through adaptive So-
cratic questioning, and Paper 1’s Bridge method innova-
tively embeds expert thought processes into LLMs for
math remediation. Despite overlapping in their pursuit
of enhancing educational experiences, the papers diverge
significantly in their topics, methodologies, and target
audiences, indicating a broad and diverse landscape in
educational technology research.

Papers on adaptive guidance systems debate similari-
ties and differences for effective Socratic questioning.
While both papers aim to enhance adaptive guidance,
they differ in approach: Treelnstruct (Paper 0) empha-
sizes adaptive, expert-agnostic planning, leveraging dy-
namic question trees and state space-based planning to
address interdependent errors, whereas Bridge (Paper 1)
focuses on expert-informed decision-making, incorporat-
ing domain-specific expert knowledge for more effective
Socratic questioning. A key difference lies in their han-
dling of unforeseen errors, with Treelnstruct relying on
dynamic adaptation and Bridge on continuous expert
annotation and model fine-tuning. Another distinction is
their applicability: Treelnstruct is designed for diverse
educational domains, while Bridge initially focused on
math education, later expanding to other domains. Both
authors eventually converge on a hybrid approach, com-
bining expert guidance with adaptive planning for a more
comprehensive solution. Despite this, their initial dif-
ferences in methodology and error handling strategies
remain a focal point of the debate. The debate highlights
the importance of both adaptive planning and expert
guidance in effective adaptive guidance systems. Ulti-
mately, the synthesis of both approaches offers a more
robust solution for personalizing student learning experi-
ences.
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Table 11: Summaries from two methods: ToD (No SD) — the TREE-OF-DEBATE ablation — and TREE-OF-DEBATE.
The papers being compared are Treelnstruct and BRIDGE: they develop LLM-based instructors that guide students

towards the answers to their questions rather than give away the answers. The rest of the table follows in 10.

ToD (No SD)

ToD (Final)

The papers share similarities in their focus on adap-
tive, student-centered approaches for mistake correc-
tion, leveraging Al-driven tools to enhance personal-
ized learning experiences. Both papers emphasize the
importance of context-aware feedback and expert guid-
ance in promoting deeper understanding. However, the
papers diverge in their novelties. Paper 0’s paper, ’In-
struct, Not Assist,” uniquely integrates adaptive, multi-
turn Socratic questioning with state space estimation,
providing a more holistic and adaptable learning ex-
perience. In contrast, Paper 1’s paper, 'Bridging the
Novice-Expert Gap,” focuses on modular, expert-guided
decision-making, offering a more explicit and scalable
approach to addressing complex, interdependent mis-
takes. While Paper 0’s approach excels in handling am-
biguous student responses, Paper 1’s method provides
more nuanced, human-centric guidance. The papers also
differ in their evaluation metrics, with Paper 0 emphasiz-
ing robust state space estimation and Paper 1 highlight-
ing the importance of contextual relevance. Ultimately,
the papers present complementary approaches, with Pa-
per 0’s work prioritizing adaptability and Paper 1’s work
emphasizing expert-driven contextualization.

The papers by Paper O and Paper 1 share similari-
ties in their focus on adaptive error resolution strate-
gies, emphasizing the importance of context-sensitive
decision-making and expert knowledge in enhancing
student learning outcomes. Both papers also highlight
the limitations of current LLMs in educational settings
and propose novel methodologies to address these chal-
lenges. However, the papers diverge in their approaches
to achieving these goals. Paper 0’s paper, "Instruct, Not
Assist,” uniquely integrates dynamic planning and hier-
archical questioning to provide a more nuanced under-
standing of student thought processes, scaling to accom-
modate diverse student populations. In contrast, Paper
I’s paper, 'Bridging the Novice-Expert Gap,’ leverages
expert decision-making models to inform adaptive error
resolution strategies, offering a more domain-agnostic
framework. The papers also differ in their evaluation
frameworks, with Paper 0’s approach utilizing a state
space-based planning algorithm and Paper 1’s method in-
corporating transfer learning and domain-specific expert
annotations. Furthermore, Paper 0 emphasizes the im-
portance of adaptive Socratic questioning, while Paper 1
highlights the value of expert-guided decision-making
in enhancing educational support. Ultimately, the papers
present distinct novelties in addressing the novice-expert
gap, with Paper O focusing on adaptive structured plan-
ning and Paper 1 on context-aware expert decision em-
bedding.

ences that are extracted are not explained very
well, requiring more work to understand the
terminology-heavy summary. It also makes
vague claims near the end of summaries (ex-
ample is the second line highlighted in red:
“Despite overlapping in their pursuit of enhanc-
ing educational experiences...”). The overall
structure results in a suboptimal summary.

Next, the top right box contains the summary
for ToD (No Tree). The use of the debate
format improves the quality of the generated
claims. Unlike in the Two-Stage summary,
it does not contain many extractive phrases,
however the structure of the debate is still
fine-grained to coarse-grained. Intuitively,
the summaries should develop coarse-grained
claims into fine-grained arguments. Moreover,
there are slight hallucinations (examples are
in the second and third lines highlighted in
red: “Bridge on continuous expert...” and
“Treelnstruct is designed...”). Still, the conclu-
sion (last sentence) of the summary is not as
vague as the conclusion from Two-Stage, but
it still does not capture the intricacies of the
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two methods well enough.

Subsequently, the summary for ToD (No SD)
is on the bottom left. The benefits of the
tree are drastic, as the summary starts by dis-
cussing the high-level summaries, and breaks
down the individual fine-grained differences.
This is much less extractive and more abstrac-
tive. Using the tree structure along with
the debate allows each argument to be ex-
plored further- this is evident as after each
claim, an explanation of why it matters fol-
lows (example is the line highlighted in green:
“While Paper 0’s approach excels in...”). Still,
a few of these explanations are vague and do
not reveal the true underlying motivation
of the claims (highlighted in red).

Finally, the summary for ToD (our final
method) is in the bottom right box. With
the self-deliberation, it was able to extract
a short phrase of the motivation behind both
works (the “limitations of current LLMs in
educational settings”). The arguments are de-
veloped from high-level claims to low-level,
technical concepts. The facts are correctly



identified and do not contain any hallucina-
tions. Moreover, the explanations preceding
the claims also reveal the underlying motiva-
tion behind the specific novelty. Finally, the
concluding sentence explains the exact differ-
ence between the two works.

K Tree Example

In Table ?? below, we provide an example
of a debate path generated by Tree-of-Debate.
We would utilize this type of path in-context
for the final summarization step. Given input
topic: Helping Students Fix their Mistakes.

L Dataset Specifications

As mentioned earlier, TREE-OF-DEBATE’s
dataset contains 100 samples, and Table 1
specifies the breakdown. Each sample con-
tains the following:

(a) Topic: a short, vague description of the
theme of the two papers

(b) Paper #1 arXiv Link

(c) Paper #1 Title

(d) Paper #1 Abstract

(e) Paper #1 Introduction

(f) Paper #2 arXiv Link

(g) Paper #2 Title

(h) Paper #2 Abstract

(i) Paper #2 Introduction

(j) Method/Task: O if the papers differ in
methodology (but have the same task)
and 1
if the papers differ in the task (but the
methodology is generally the same)

(k) Cite/No: 0 if the papers do not cite each
other, and 1 if the papers cite each other.

We provide the dataset (as a tab-
separated file) in our code repository:
https://github.com/pkargupta/tree-of-
debate/tree/main/dataset. Table 13 contains a
subset of rows from the dataset.

The pairs were identified manually by each
annotator based on their own domain ex-
pertise and which papers would result in
a “meaningful comparative analysis”—in
other words, which pairs of papers that they
think would or should naturally be compared
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(e.g., papers with similar goals, a new work
that expands upon an old work, etc). This al-
lows us to ensure that the papers in the same
“Cited” or “Not Cited” pairs—especially for
“Not Cited”— are truly relevant, and the anno-
tator already has an understanding of the gold-
standard comparative analysis. Hence, even
the combinations of papers themselves are in-
fluenced by domain-specific knowledge— not
simply chosen by randomized pair sampling.

M Prompts

We provide each of the prompts used in our frame-
work in the following tables.


https://github.com/pkargupta/tree-of-debate/tree/main/dataset
https://github.com/pkargupta/tree-of-debate/tree/main/dataset

Table 12: Example of Debate Tree Path for (Kargupta et al., 2024) and (Wang et al., 2024b).

(a) Level 1 Child Argument: Personalized Error Resolution Strategies.

Debate the effectiveness of adaptive, student-centered approaches in resolving errors, focusing on

the role of dynamic question trees and expert decision-making models. This subtopic encourages

discussion on the importance of tailoring guidance to individual students’ needs and knowledge

gaps.

* Author 0’s Argument: Adaptive Guidance Enhances Personalization via Nuanced Student
Modeling.
By integrating Treelnstruct’s dynamic question tree with a nuanced student modeling framework,
our approach provides more effective personalized error resolution strategies than Bridge. This
integration enables Treelnstruct to capture the complexities of student thought processes, address-
ing both independent and dependent mistakes concurrently, while also scaling to accommodate
large, diverse student populations. In contrast, Bridge’s reliance on predetermined error types
and remediation strategies may limit its versatility in complex, multi-bug scenarios.

* Author 1’s Argument: Expert-Guided Decision-Making for Adaptive, Context-Sensitive
Error Resolution.
Our approach leverages expert decision-making to inform adaptive, context-sensitive error
resolution strategies, demonstrated through the extension of our Bridge model to accommodate
complex, multi-bug scenarios. By incorporating nuanced expert thought processes, our method
provides more effective personalized guidance than Treelnstruct’s adaptive question tree approach.
This integration of expert guidance and adaptability addresses the opposition’s concerns regarding
versatility and scalability in handling diverse student populations.

(a.i) Level 2 Child Argument: Adaptive Guidance in Error Resolution.

Debate the effectiveness of adaptive guidance in error resolution strategies, focusing on how
each approach tailors feedback to individual students’ knowledge states. Discuss the benefits and
limitations of each method.

* Author 0’s Argument: Adaptive Guidance with Latent Expertise for Personalized Error
Resolution.
By integrating the strengths of both approaches, our revised argument proposes a hybrid model
that combines the adaptive guidance of Treelnstruct with the latent thought processes of expert
decision-making. This fusion enables a more nuanced understanding of individual student
needs, providing targeted support while maintaining scalability and adaptability. Ultimately, this
hybrid approach offers a more effective and personalized error resolution strategy, surpassing the
limitations of both adaptive guidance and expert decision-making alone.

* Author 1’s Argument: Expert-Infused Adaptive Guidance for Error Resolution.
Our revised approach integrates expert decision-making processes into adaptive guidance frame-
works, enabling a more nuanced understanding of individual student needs and providing targeted
support while maintaining scalability and adaptability. This hybrid model combines the strengths
of both approaches, offering a more effective and personalized error resolution strategy. By incor-
porating expert-informed decision-making into adaptive guidance, we bridge the novice-expert
knowledge gap more effectively than either approach alone.
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Table 13: Snapshot of 5 rows of the dataset. The table is transposed in order to display it on the full page. Notice

the diversity in topics, not just in machine learning, but also in other disciplines.

Index 1 2 3 4 5
Topic helping students un- | Continual pretraining contrastive learning on hall thruster erosion massive MIMO base-
derstand their mistakes | of Bert for retrieval | graphs band processing
and misunderstandings tasks
Paper #1 | https://arxiv.org/ https://arxiv.org/ https://arxiv.org/ https://deepblue.lib. https://arxiv.org/
arXiv pdf/2406.11709 pdf/2004.12832 pdf/2103.00113 umich.edu/bitstream/ pdf/2407.06755
handle/2027.42...
Paper #1 | Instruct, Not Assist: | ColBERT: Efficient Anomaly Detection on An Investigation of | A 46 Gbps 12 pl/b
Title LLM-based Multi- | and Effective Passage | Attributed Networks Factors Involved in Sparsity-Adaptive
Turn Planning and Search via Contextual- | via Contrastive Self- | Hall Thruster Wall Beamspace Equalizer
Hierarchical Question- | ized Late Interaction | Supervised Learning Erosion Modeling for mmWave Massive
ing for Socratic Code | over BERT MIMO in 22FDX
Debugging
Paper #1 Socratic questioning is Recent process in Nat- | Anomaly detection on A hydrodynamic de- | We present a Global-
Abstract an effective teaching... ural Language Under- | attributed networks at- | scription of the plasma | Foundries 22FDX FD-
standing... tracts flow... SOLI...
Paper #1 | With the rapidly Over the past few years, | Attributed networks As lifetime require- | Fifth generation (5G)
Introduc- | expanding conversa- | the Information... (ak.a. attributed ments desired for Hall and beyond-5G wire-
tion tional... graphs... thruster... less...
Paper #2 https://arxiv.org/ https://arxiv.org/ https://arxiv.org/ https://electricrocket https://arxiv.org/
arXiv pdf/2310.10648 pdf/1810.04805 pdf/2310.14525 .org/IEPC/IEPC-2007- | pdf/1910.00756
151.pdf
Paper #2 | Bridging the Novice- | BERT: Pre-training | Graph Ranking Con- | Investigation of the | Beamspace Channel
Title Expert Gap via Models | of Deep Bidirectional | trastive Learning: A | SPT operation and dis- | Estimation for Massive
of Decision-Making: A | Transformers for Lan- | Extremely Simple yet | charge chamber wall MIMO mmWave
Case Study on Remedi- | guage Understanding Efficient Method erosion rate under in- | Systems: Algorithm
ating Math Mistakes creased discharge volt- | and VLSI Design
ages
Paper #2 Scaling high-quality tu- | We introduce anew lan- | Graph contrastive New results of the Millimeter-wave
Abstract toring remain a major | guage representation... Learning (GCL) has | thruster operation | (mmWave) communi-
challenge... emerged as... specifics cation
Paper #2 | Human tutoring playsa | Language model | Graph Neural Net- | Nowadays it is reason- | Millimeter-wave
Introduc- critical role in acceler- pre-training has been works (GNNs) have able to develop SPT (mmWave) communi-
tion ating student... shown to be effective... become the standard with increased cation [2], [3]
Method 1 1 1 0 1
/Task
Cite/No 1 1 0 0 0
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You are a fair and balanced moderator of a debate between two authors determining their respective
novel contributions towards the following topic:

Topic: <topic>

Topic Description: <topic description>

Here are the two papers and their claimed novel contributions with corresponding evidence:

Author 0 Paper Title: <Author @ Paper Title>

Author 0 Paper Abstract: <Author @ Paper Abstract>

Author 0 Paper’s Contribution #1: <contribution statement>: <contribution topic>
Author 0 Paper’s Contribution #1 Evidence: <contribution evidence>

... (more evidence and contributions)

Author 1 Paper Title: <Author @ Paper Title>

Author 1 Paper Abstract: <Author @ Paper Abstract>

Author 1 Paper’s Contribution #1: <contribution statement>: <contribution topic>
Author 1 Paper’s Contribution #1 Evidence: <contribution evidence>

... (more evidence and contributions)

Based on each of the author’s claimed novelties, evidence, and counter-evidence to each other’s
arguments, you must determine the most meaningful, diverse set of subtopics within the parent topic,
"Topic", which best cover the types of contributions each of the papers make. Remember that for each
of your selected topics, the papers will be debating which of them makes the better contribution towards
the topic. Hence, for each of your subtopics, cite the integer IDs of any relevant contributions from
Author O or Author 1. At least one of these lists should be non-empty. Overall, our goal is to identify
how novel Author 0’s paper’s contributions towards topic "Topic" are by individually considering their
contributions towards your subtopics.

Output your list subtopics (up to k) in the following format: "topic_title": <should be a brief, 10-15
word string where the value is the title of your subtopic>,

"topic_description": <1-2 sentence string explaining the subtopic and what you feel would be most
helpful for the papers to debate within the subtopic>,

"author_0_relevant_contributions": <list of integer IDs citing which contribution(s) from Author 0
would be most relevant to this subtopic; can be empty>,

"author_1_relevant_contributions": <list of integer IDs citing which contribution(s) from Author 1
would be most relevant to this subtopic; can be empty>

Table 14: Moderator prompt to generate new topics.
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You are a moderator facilitating a debate in which two paper are debating who makes the better
contribution towards the following topic:

Topic: <topic>

Topic Description: <topic description>

<conversation history between Author @ and Author 1>

Below, you are given the previous set of arguments and the current set of arguments.
previous arguments: <set of arguments before debate>
current arguments: <set of arguments after debate>

You must determine whether progress is being made. DO NOT focus on the language being used.
Focus on the content of the arguments. Specifically, determine the following (True or False for each):
1. progression_of_arguments: Are these arguments sufficiently different enough to necessitate further
debate? Are there new, deeper concepts being discussed between the two sets of arguments?

2. meaningful_questions: Within the debate history, each author acknowledges each other’s arguments
and may ask clarifying questions accordingly. Do you believe that the clarifying questions have not
been sufficiently addressed already and would be important to answer through further debate? If there
are no questions raised in the debate history by either author, return False.

3. clear_winner: Do you believe that it is clear that one author has won the debate, and it does not
need to be further deconstructured (in order to determine which components within each author’s
contributions are truly better)?

Output your argument in the following format:

"explanation": <2-5 sentence string to explain your reasoning about whether further debate is necessary
when comparing the previous arguments and the current arguments>,

"progression_of_arguments": <output a boolean; pick only one of "True" or "False" depending on the
history, arguments, and your explanation above>,

"meaningful_questions": <output a boolean; pick only one of "True" or "False" depending on the
history, arguments, and your explanation above>,

"clear_winner": <output a boolean; pick only one of "True" or "False" depending on the history,
arguments, and your explanation above>

Table 15: Moderator prompt on whether to expand a debate node.

Two authors are debating their respective novelties with respect to the following topic:

Topic: <Topic>

Author 0’s paper title is: <Author @ paper title>

Author 1’s paper title is: <Author 1 paper title>

Here is a breakdown of their debates in tree format. At each tree node, we provide the "topic_title" :
"topic description”, Author 0’s corresponding argument and Author 1’s corresponding argument:

<tree (example in Appendix K)>

Based on the debate breakdown, output a paragraph-long synthesis of the debate which summarizes the
similarities and differences between the papers. Structure your summary with initially their similarities
(which ideas/aspects overlap between the two papers?) to their differences (what makes the papers
unique) in novelties. Focus more on the differences than the similarities.

Table 16: Moderator prompt to summarize the debate into a paragraph.
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You are the author of the paper, ’self.paper.title’. The abstract of your work is: <Paper Abstract>.
You are debating another author on the novel contributions your work makes towards the following
topic: <Topic>.

Below is a list of relevant evidence retrieved from your paper:<Evidence in the form of sentence
excerpts from papers>. Based on the evidence, output a list of 1 to <k> DIVERSE, specific
arguments for your position that are all supported by the evidence. Each argument should have a
corresponding "argument_title", which is a brief statement of your argument (e.g., Better Efficiency
for Training), a "description" explaining your argument and mentioning specific excerpts from your
evidence pool, and finally, a list of all "evidence" IDs, which are the integers of the evidence in the
input list, that best support your argument. For example, if Evidence #1 and #2 best support your
argument, then evidence should be [1,2] (depending on your argument, this list can have more or less
than two items). Each argument should make a unique point.

Output your list of arguments in the following format:

"argument_title": <should be a brief, 10-15 word string where the value is the argument_title>,
"description": <1-2 sentence string explaining the argument, including specific excerpts from the
evidence pool>,

"evidence": <list of integer IDs citing which evidence from the input list best support your argument>

Table 17: Persona prompt to generate arguments during the debate.

Your objective is to check if a given evidence is relevant to a claim or not (relevancy means evidence
that helps either support, refute, or clarify the given claim).

Claim: Argument

Description of Claim: Argument Description

Evidence: Evidence supporting the argument.

Fill out the following schema:

"supports_claim": <"Yes"/"No" if the evidence supports the claim>,
"refutes_claim": <"Yes"/"No" if the evidence refutes the opposition’s claim>
"clarifies_claim": <"Yes"/"No" if the evidence clarifies the claim>,
"irrelevant_to_claim": <"Yes"/"No" if the evidence is irrelevant to the claim>,

Table 18: Persona prompt to determine relevant and irrelevant evidences.
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You are the author of the paper, '<Paper Title>’. The abstract of your work is: <Paper Abstract>.

You are debating another author (Opposition), whose work is titled, *<Opposition Paper Title>’,
and abstract is: Opposition Paper Abstract". You are debating the other author on how and why
your paper makes a better contribution towards the following topic:

Topic: <topic>

Topic Description: <topic description>

Here are your claimed contributions towards the topic:

Author 0 Paper’s Contributions #1: <argument>: <argument description>

Author 0 Paper’s Contribution Evidence #1: <evidence towards argument>

Author 1’s relevant evidence to potentially counter the quality of this contribution: <counter
evidence>

... (more contributions and counter-evidence)

Given the above, make an argument for a specific reason why your contributions towards the topic,
Topic: <topic>, are better than the opposition’s. If you feel that you do not contribute to the given
topic or your contributions ARE NOT better than the opposition’s, then state so by conceding to the
opposition (e.g., ’I do not believe my paper makes a better contribution than yours’) and explain why.

Table 19: Persona prompt to present its arguments.

You are the author of the paper, *<Paper Title>’. The abstract of your work is: <Paper Abstract>.

You are debating another author (Opposition), whose work is titled, *<Opposition Paper Title>’,
and abstract is: Opposition Paper Abstract". You are debating the other author on how and why
your paper makes a better contribution towards the following topic:

Topic: <topic>

Topic Description: <topic description>

Here are your claimed contributions towards the topic:

Author 0 Paper’s Contributions #1: <argument>: <argument description>

Author 0 Paper’s Contribution Evidence #1: <evidence towards argument>

Author 1’s relevant evidence to potentially counter the quality of this contribution: <counter
evidence>

... (more contributions and counter-evidence)

Here is your conversation debate history with the opposition paper. You must respond to the last
argument presented by your opposition in debate. A response may consist of (1) an acknowledgment of
the opposition’s previous response, (2) answering any of the questions about your paper brought up by
the opposition, (3) asking any clarifying questions based on the opposition’s claims and reasoning, (4)
any clarifications of your own presented arguments based on the opposition, and/or (5) if you feel that
the opposition’s claim is strong and you do not have sufficient grounds to refute it, then a concession to
your opposition.

conversation_history: <conversation history>

Table 20: Persona prompt to respond to an argument.
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You are the author of the paper, *<Paper Title>’. The abstract of your work is: <Paper Abstract>.

You are debating another author (Opposition), whose work is titled, ’<Opposition Paper Title>’,
and abstract is: Opposition Paper Abstract". You are debating the other author on how and why
your paper makes a better contribution towards the following topic:

Topic: <topic>

Topic Description: <topic description>

Here are your claimed contributions towards the topic:

Author 0 Paper’s Contributions #1: <argument>: <argument description>

Author 0 Paper’s Contribution Evidence #1: <evidence towards argument>

Author 1’s relevant evidence to potentially counter the quality of this contribution: <counter
evidence>

... (more contributions and counter-evidence)

Based on the debate history and your/your opposition’s arguments and evidence, you must construct a
new, stronger argument related to the topic. This consists of an argument that addresses/is robust to any
doubts or clarifying questions made by the opposition which you feel are valid. If based on the debate,
you feel that you do not contribute to the given topic or your contributions ARE NOT better than the
opposition’s, then state so by conceding to the opposition (e.g., ’I do not believe my paper makes a
better contribution than yours’) and explain why.

conversation_history: <conversation history>

Table 21: Persona prompt to revise to an argument.
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