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Abstract

Summarizing deeply nested discussion threads
requires handling interleaved replies, quotes,
and overlapping topics, which standard LLM
summarizers struggle to capture reliably. We
introduce ThreadSumm, a multi-stage LLM
framework that treats thread summarization
as a hierarchical reasoning problem over ex-
plicit aspect and content unit representations.
Our method first performs content planning via

USER A: What do you think, now that everyone thinks/knows the NSA can see who
has significant amount of Bitcoins and so forth... And with cash receipts you can
send them to your parents trust lawyer and they match the amount (for all those

being spoon fed).

F A

USER B (REPLIES TO A; QUOTES
A): It depends what you’re buying
& how you initially contacted the
seller to arrange a face-to-face meet.
Phone/email records may be easier to

tions if you're using a VPN.

USER C (REPLIES TO A): Cash is
more anonymous. Computers always

leave traces.

trace than a couple of Bitcoin transac-

Y

USER E (REPLIES TO B; QUOTES

USER D (REPLIES TO C; QUOTES
C): I agree, computers leave too
much trace nowadays. The best
anonymous payment method will
always be cash.

LLM-based extraction of discourse aspects and
Atomic Content Units, then applies sentence
ordering to construct thread-aware sequences
that surface multiple viewpoints rather than
a single linear strand. On top of these inter-
pretable units, ThreadSumm employs a Tree of
Thoughts search that generates and scores mul-
tiple paragraph candidates, jointly optimizing
coherence and coverage within a unified search
space. With this multi-proposal and iterative
refinement design, we show improved perfor-
mance in generating logically structured sum-
maries compared to existing baselines, while
achieving higher aspect retention and opinion
coverage in nested discussions.

1 Introduction

Discussion forums are known to have nested struc-
tures, as users respond to one another, quoting or re-
plying to topics of interest, leading to a long thread
of content associated with a single post. These
multi-turn conversations on discussion forums have
additional layers of complexity required to navigate
the discussion threads (Liu et al., 2025). There is
a tendency for threads to attract off-topic replies
that get interleaved with the author’s own continu-
ation posts, burying the main content. The nested
discourse threads can be represented as graphs con-
nected by reply, retweet, and quote edges, making
it inherently harder to follow linearly compared to
traditional structured documents. The fragmented
and tree-like structure is further branched out by
mixed reply types such as reposts, quoted posts and

B): If it’s a face-to-face transac-

tion of physical goods, the only non-
anonymous aspect is the other person
remembering your face. If it’s online,
Bitcoin is more anonymous ...

Figure 1: Nested thread structure illustrating reply and
quote relations (A—B—E and A—~C—D).

replies as shown in Figure 1, and navigating these
branches to follow one coherent strand is crucial
for summarization.

Traditional approaches to abstractive text sum-
marization largely focus on optimizing the selec-
tion and reduction of document content. While
these methods have demonstrated the ability to con-
dense information, they frequently overlook deeper
document-level structures, resulting in summaries
that may lack coherence, logical flow, and a clear
representation of the original text’s hierarchy as
seen in most discussion forums. Large Language
Model (LLM)-based multi-agent frameworks have
been used in summarization for long-form doc-
uments through hierarchical processing (Chang
et al., 2023; Guo et al., 2024; Zhang et al., 2024;
Kim and Kim, 2025). However these methods
do not balance dynamic viewpoints, especially in
noisy, multi-speaker settings (Olabisi et al., 2022).

Early work on structured textual threads and
conversations explored abstractive summarization
across a spectrum of multi-turn settings. Zhang
et al. (2021) introduced a hierarchical model for
summarizing multi-turn email threads, capturing
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structure at both the email and token levels. Fab-
bri et al. (2021) then extended this line to multi-
party conversations, integrating argument mining
to identify argumentative roles and relationships.
Fabbri et al. (2022) carried these ideas into Q&A
forums, proposing a pipeline that combines answer
selection, content unit extraction, and abstraction to
summarize multiple answers to the same question.
Building on this, Wu et al. (2025) framed content
selection as an iterative self-questioning process
that guides summary generation. More recent work,
such as (Overbay et al., 2023), further broadens
the paradigm by incorporating multimodal signals
from images into thread summarization. However,
these methods do not employ explicit multi-step
reasoning over structure or content units to ensure
content coverage and coherence.

In this work, we are concerned with two main
research questions. (RQ1): How do we address
discourse coverage, especially when multiple in-
terleaved topics are present in the threaded doc-
uments? In addition, in multi-party speech, turns
often overlap and speakers interrupt each other,
making it difficult to rely on a simple linear adja-
cency model to infer what response was targeted
to a comment, leading to our second research ques-
tion (RQ2): How do we ensure that the overlap
and interruptions present in complex threaded
discussions are considered in order to generate
a coherent summary, even without predefined
thread order?

To answer these questions, we make the follow-
ing contributions:

* We introduce ThreadSumm, a multi-stage
LLM pipeline framework for threaded multi-
document summarization.

* We employ a thread-aware content-planning
layer (Aspects + Atomic Content Units) feed-
ing into a multi-proposal Tree of Thoughts
search to iteratively refine the summary for
optimized coherence and coverage.

* We conduct extensive experiments to show the
effectiveness of our method using three LLMs
and three datasets across various domains.

While our framework integrates established
ideas such as Aspect extraction, Atomic Content
Units, and LLM-based evaluation, our contribution
lies in operationalizing these components using
Tree of Thoughts as a single controllable pipeline
specifically tailored to nested threaded discourse.

2 Related Work

Early neural models incorporated discourse struc-
ture into end-to-end architectures: Ishigaki et al.
(2019) proposed a discourse-aware hierarchical at-
tention network encoding RST dependencies, and
Kwon et al. (2021) introduced NeRoBERTa, which
injects nested syntactic and discourse trees into a
Transformer encoder. In the area of multi-party
speech, Zhang et al. (2021) demonstrated that mod-
eling email thread hierarchy improves abstractive
summaries, while Fabbri et al. (2021) and Fabbri
et al. (2022) proposed pipelines that identify argu-
mentative roles and cluster responses to preserve
multiple perspectives in community Q&A discus-
sions. Query-based summarization of discussion
threads was explored by Verberne et al. (2020),
who showed that conditioning summaries on user
information needs helps surface relevant branches
of a discussion. Recent LLM-based frameworks
adopt multi-agent or multi-stage processing for
long inputs (Guo and Vosoughi, 2024; Zhang et al.,
2024; Kim and Kim, 2025). Nevertheless, these
approaches either rely on relatively structured inter-
actions or flattened thread structure and optimize
for a single-pass summary.

In contrast, ThreadSumm explicitly targets un-
structured, deeply nested discourse threads by fram-
ing summarization as a hierarchical reasoning prob-
lem using a thread-aware content-planning layer
feeding into a multi-proposal Tree of Thoughts
search over paragraph realizations.

3 ThreadSumm

We introduce ThreadSumm, a multi-stage LLM
pipeline framework that summarizes threaded doc-
uments using Tree of Thoughts. Figure 2 presents
an overview of the process. First, we decompose
content into aspects and atomic units, use Tree of
Thoughts reasoning to iteratively reorder and se-
lect candidate paragraphs, jointly optimizing cover-
age and coherence without using predefined thread
order. This contrastive design directly addresses
the gap between hierarchical summarization of lin-
ear documents and the requirements of real-world
nested discourse.
Let D = {Dl,...
input documents.

, Dy, } denote a collection of

* Aspects A = {ai,...,a,} denote a collec-
tion of n aspects representing the who, what,
where information.
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Figure 2: Our proposed framework for Summarization of Nested Discourse Threads

¢ Atomic Content Units (ACUs) C
{c1,...,¢ }, denote a collection of  ACUs,
where each unit ¢ is a self-contained semantic
statement and r > n.

Aspect Extraction An important step in summa-
rization is deciding the who, what, where elements
that are present in the input document. It encour-
ages coverage across multiple facets of the source
document, instead of over-focusing on the most
frequent topic. This ultimately reduces information
loss on less frequent but important aspects, which is
especially valuable in multi-document settings. We
prompt the LLM to extract the aspects in the source
document using a few-shot method, the prompt is
made available in Appendix A.1.

Atomic Content Unit Generation After extract-
ing the aspects, we generate Atomic Content Units
on each of the aspects. Atomic Content Units are
self-contained semantic units that represent a single
piece of information within a text that cannot be fur-
ther broken down without losing its meaning (Liu
et al., 2022). This step enables pruning, and it is im-
portant because it gives a fine-grained, interpretable
basis for judging the key informational elements
in the source document. It also ensures broader
coverage across aspects ensuring that the salience
in the source documents is preserved. Similar to
the preceding step, we apply a few-shot approach
to prompt the LLM to generate the ACUs including
a detailed list of the ACU generation process. The
prompt is made available in Appendix A.2.

Sentence Ordering To maintain a natural dis-
course structure, especially given the nested nature
of the input documents, we reorder the generated
ACUs so that they form a coherent and logical
passage - each sentence logically following its pre-
decessor (Logeswaran et al., 2016; Golestani et al.,
2021). This results in a connected narrative rather
than a list of disjointed statements, maintaining the
logical progression and contextual flow needed for
the next step. We apply a zero-shot method here,
prompting the LLM to reorder the ACU list to fol-
low a logical and coherent flow. The prompt is
made available in Appendix A.3. Sentence order-
ing was done using LLM because of its potential to
solve a harder, more global discourse problem than
simple heuristics or logic rules can reliably handle.
For example, positional/section-based heuristics
(e.g., lead sentences first) are not particularly well-
suited to threaded discourse representative in our
work, where important content appears anywhere
in reply chains, not just at the top. Similarly, tem-
poral/chronological rules (e.g., sort by timestamp)
could work in principle but would require meta-
data that is often unavailable in real world settings.
Our framework is deliberately metadata agnostic
to mimic these constraints, making LLM-based
ordering the more robust choice.

Paragraph Writing This step takes the re-
ordered sentences from the previous step as input,
and generates multiple coherent paragraph propos-
als using a zero-shot prompt-based method. The
model is prompted to start the paragraph with the
first sentence in the reordered sentence list, and
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Dataset Domain #Instances Avg Input Length Avg Summary Length #Docs/Example Ref Summary
Reddit  Discussion Forum 250 641 127.1 7.88 Y
Stack Community Q&A 117 1207 149.5 9.72 Y
Bitcoin *  Bitcoin Forum 1 1250 190.7 26 N

" included as a case study for thread visualization.

Table 1: Dataset Statistics

to end the paragraph with the last sentence in the
reordered list. The prompt instructs the model to
summarize the key points from the set of ordered
sentences into a coherent paragraph. This addresses
coherence by turning the set of ordered sentences
into a fluent well-structured paragraph that reads as
a single cohesive unit rather than a list of sentences.
The prompt also explicitly instructs the model to
not omit any of the sentences when summarizing
the key points into a paragraph. By conditioning on
the full set of ordered sentences, the model should
integrate and balance all perspectives or aspects
mentioned, rather than selectively omitting minor-
ity views. The prompt is shown in Appendix A.4.

We employ the Tree of Thoughts (ToT) approach
introduced in Yao et al. (2023) to iteratively gen-
erate paragraph proposals, selecting the best based
on coherence and coverage scores. Coverage mea-
sures how well the summary includes the impor-
tant information in the source document, this is
optimized to address RQ1. To address RQ2, we
optimize coherence which measures the idea con-
nectedness and logical flow in the summary. ToT
takes a given number of steps s as a parameter, and
for each step, it takes multiple proposal generation
of sentence reordering and paragraph candidates,
and evaluates each candidate against the original
source document for its coherence and coverage
using an LLM prompt shown in Appendix A.5.
The reordering associated with the highest-scoring
paragraph gets carried forward to the next itera-
tion, allowing the model to explore a more diverse
set of “thoughts” and potentially converge on a
higher quality output. This iterative refinement
and branching significantly enhances the genera-
tion of coherent and comprehensive paragraphs by
systematically exploring and evaluating multiple
compositional paths for a more robust search for
the best summary.

Our method employs multi-step reasoning by de-
composing thread summarization into a sequence
of structured interdependent reasoning modules tai-
lored specifically to threaded discourse, each step

performs a distinct reasoning task with intermedi-
ate outputs that are passed on to the next step to
generate the final summary

4 Experimental Setup

This section describes the implementation details,
dataset, baseline methods and evaluation metrics
used in our experiments.

4.1 Implementation Details

We experiment with three LLMs ordered from pro-
prietary to open-source, both larger and smaller
models, including GPT-4! (gpt-4-turbo), Claude?
(claude-3-sonnet), and LLaMA 3 (llama3-70b)>.
All detailed prompts and model parameters are
shown in Appendix A.

4.2 Dataset

Table 1 presents the overall characteristics of the
datasets. In a threaded document setup, one set of
documents represents a single thread consisting of
one root document or post, plus all its nested replies
and sub-replies. We make use of conversational
datasets like StackOverflow (Stack) (Hoogeveen
et al., 2015), a community Q&A forum, and Reddit
(Zhang et al., 2017), from CoarseDiscourse. For
both datasets, we make use of the preprocessed
test set from Fabbri et al. (2021). We selected the
Reddit and StackOverflow datasets from Convo-
Summ because they most closely match the dis-
course characteristics our method is designed to
address, namely complex, multi-party threaded dis-
cussions with heterogeneous and branching struc-
tures. Both Reddit and StackOverflow contain
open-ended, community-driven threads in which
many participants contribute diverse viewpoints
across nested replies, reflecting the core challenges
of real-world discussion forums. In contrast, the
NYT dataset is centered on responses to a single

1ht’cps: //developers.openai.com/api/docs/
models/gpt-4-turbo

2https: //platform.claude.com/docs/en/
about-claude/models/overview

Shttps://www.1lama.com/models/11lama-3/
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Reddit

QAGS SummaC ROUGE-1

Stack
QAGS SummaC ROUGE-1

Bitcoin
QAGS SummaC ROUGE-1

Vanilla 3646  30.16 30.54 3346 35.34 32.24 7143  48.17 5.44

GPT-4 arg-graph 3846  30.18 27.11 3455 3444 29.22 85.71 57.86 4.96
CHRONOS 4149 3031 28.59 33.82 3523 31.62 7143 46.26 6.00
mRedditSumm 38.23  30.76 29.55 3455 35.10 31.84 28.57 61.08 5.92
ThreadSumm (ours) 50.34  30.40 33.30 4994 3346 35.89 57.14  40.07 15.28

Vanilla 38.34 2951 30.88 40.05  36.79 31.86 28.57 4554 4.56

CLAUDE arg-graph 4091  32.01 30.19 42.61 37.07 30.48 28.57 57.44 6.72
CHRONOS 4543 3211 26.35 41.64  33.56 27.76 7143  67.73 4.96
mRedditSumm  45.66  30.64 26.82 39.93  34.87 29.22 57.14 62.28 5.20
ThreadSumm (ours) 55.66  42.42 34.37 57.75  50.29 39.29 85.71 63.72 22.16

Vanilla 3320 28.66 30.53 32.84 3246 32.69 57.14 41.33 6.08

LLAMA arg-graph 3549 3093 24.21 36.75 3897 27.35 28.57  49.80 6.16
CHRONOS 43.09 28.82 27.10 3150 36.41 28.82 4286  31.67 5.20
mRedditSumm 40.34 3034 30.37 37.36  35.00 31.96 28.57 4552 6.24
ThreadSumm (ours) 50.00  33.98 25.25 51.28 42.44 38.39 7143  59.36 20.08

Table 2: Results comparing ThreadSumm and other baselines across three models, three datasets, and three

evaluation metrics.

news article and exhibits a more constrained, less-
branching structure, while the Email dataset in-
volves a small number of participants and predomi-
nantly linear reply chains. These settings are less
representative of the discourse complexity our ap-
proach targets.

We also make use of a small amount of data
from a bitcoin forum, Bitcoin*, which consists of
conversation threads, with an average discussion
tree depth and breadth of 4 by 6. We include this
dataset as a case study as it allows us to perform a
more granular analysis given the visual hierarchical
structure not included in the other datasets.

4.3 Baselines

We conduct experiments using our proposed
method, and compare against the following meth-
ods which are adapated to use the same underlying
LLMs as our method. Vanilla - this is a simple
prompt-based method using LLMs with the prompt
"You are an expert text summarizer tasked with pro-
viding summaries of documents. Please provide a
summary of the text. Do not itemize the summary".
arg-graph (Fabbri et al., 2021) uses argument min-
ing through graph construction to model the issues
and viewpoints, and use a sequence-to-sequence
model to generate summaries. CHRONOS (Wu
et al., 2025) uses a retrieval based approach to time-
line summarization by iteratively posing questions
about the topic and the retrieved documents to gen-

*https://bitcointalk.org/index.php

erate chronological summaries. mRedditSumm
(Overbay et al., 2023) uses an approach of com-
ment clustering, cluster summarization, and cluster
summary summarization. Although this method
was proposed for text and images, we make use of
the text-only method.

4.4 Evaluation Metrics

We employ the following metrics for evalua-
tion. QAGS (Wang et al., 2020) uses a question-
generating model and a question-answering model
to evaluate the quality of generated summaries by
detecting factual inconsistencies. SummaC (La-
ban et al., 2022) is an NLI-based method used to
assess factual consistency by evaluating whether
the generated summary is entailed by the original
documents, we report the SummaC-Conv variant.
ROUGE (Lin, 2004) calculates the lexical over-
lap between the machine-generated output and the
human-written reference summaries. To align with
coverage evaluation, we report the recall scores of
ROUGE-1 (overlapping unigrams) for our experi-
ments. Since the Bitcoin dataset has no reference
summary, we directly use the source document for
the overlap as introduced in Bao et al. (2023).

5 Results and Discussion

5.1 Meta Evaluation

Table 2 presents the detailed results of our experi-
ments. We observe that ThreadSumm consistently
outperforms all baselines across all three models
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(GPT-4, Claude, LLaMA) and all three datasets
(Reddit, Stack, Bitcoin) on almost every metric.
The performance gains from ThreadSumm are sub-
stantial, often exceeding baselines by large abso-
lute margins (e.g., +10 to +20 points on QAGS
or ROUGE-1), and is the only method that gen-
eralizes robustly across domains. Although the
performance boost provided by ThreadSumm is
evident regardless of the underlying LLM used
(GPT-4, Claude, or Llama), ThreadSumm paired
with Claude achieves the best overall performance
in the entire table. Even as a smaller and open-
source model compared to the others, Llama
with ThreadSumm remains highly competitive.
CHRONOS and mRedditSumm remain the most
competitive baselines. Interestingly, we observe
that although the ROUGE scores on the Bitcoin
dataset are significantly lower compared to the
other datasets, and this can be attributed to the
use of the actual source document as the reference
document in the calculation, it is worthy of note
that ThreadSumm still significantly outperforms
all other methods, achieving double digit scores,
while all the other methods have single digit scores.
To better align evaluation with our objectives, we
complement these standard metrics with targeted
analyses of positional bias, aspect retention, and
opinion-cluster coverage, and with human ratings
focused specifically on coherence and coverage.

5.2 How does positional bias manifest in
nested discourse threads?

Positional bias is a known challenge in text sum-
marization, this form of bias happens when the
model relies on where information appears in the
input rather than the content salience, making gen-
erated summaries overly sensitive to sentence order
(Olabisi and Agrawal, 2024; Mayilvaghanan et al.,
2025; Ma, 2025). It is essential to control positional
bias when summarizing nested discourse threads
because posts are often a mix of replies and quotes
to either the initial post or replies to the initial post.
If a summarizer favors early-position documents,
whichever group or perspective that appears first
will be overrepresented in the summary thereby cre-
ating a distorted view. To evaluate position bias in
our method, we compute the proportion of source
sentences covered by the summary as a function of
their position in the source. We employ the method
in (Sun et al., 2025) to identify sentences under-
represented or omitted in the generated summary
using semantic similarity, softmax normalization,

@® Represented
X Not Represented

0 10 20 30 40 50 60
Sentence Index in Source Document

Figure 3: Represented vs. Not represented sentences
using ThreadSumm on Bitcoin dataset. The x-axis repre-
sents the index of the sentence in the source document.

quantile transformation, and a dynamic threshold.
A sentence is considered represented if it is greater
than or equal to the dynamic threshold. To better
visualize if the summary content is skewed to a
certain part of the source document, we plot the po-
sition coverage indicating which source sentences
are represented in the summary. Figure 3 shows
the position of represented vs. non-represented sen-
tences in the source document. We see that only 6
of the 62 sentences are not represented, and also
that our method does not favor a specific location,
with the sentence position not represented spread
out. We further analyze the omitted sentences in
Appendix C and find that they are sentences with
no major significance to the key points.

5.3 Aspect retention in summary

Summarization models should be able to preserve
the key elements in the source document without
information loss. These key elements (aspects)
contain information about the who, what, where
present in the document. A good summary must
cover those aspects rather than just high-frequency
surface content. This is closely related to balanced
coverage which ensures that summaries include all
important aspects instead of over-focusing on just
those that occur frequently, as is common in nested
discourse threads. To measure this, we compute
the aspect overlap between the source document
and summaries by extracting the aspects using the
prompt “Extract the unique aspects (places, names,
products, features, objects) mentioned in the follow-
ing document”. After extracting the aspects from
both source document and summary, we count the
occurrence of common aspects in both lists and
present the final score as a fraction of the common
aspects relative to the full aspects in the source
document. The results are plotted in Figure 4, and
we observe that our method yields the highest as-
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Figure 4: Aspect Coverage of the summary relative to
the source document on Bitcoin dataset.

Reddit Stack Bitcoin

Vanilla 0.35 049 0.40

GPT-4 arg-graph 0.37 0.48 0.40
CHRONOS 0.34  0.51 0.60
mRedditSumm 0.34  0.50 0.40
ThreadSumm (ours) 0.54  0.58 0.60

Vanilla 040 0.51 0.40

CLAUDE arg-graph 039  0.51 0.60
CHRONOS 0.34 045 0.60
mRedditSumm 034 043 0.40
ThreadSumm (ours) 0.64  0.75 0.80

Vanilla 0.33 045 0.40

LLAMA arg-graph 034 048 0.60
CHRONOS 0.30 042 0.20

mRedditSumm 0.32 0.48 0.60
ThreadSumm (ours) 0.32 0.62 0.80

Table 3: Opinion analysis comparing ThreadSumm and
other baselines across the three models and datasets.

pect overlap as compared to the baselines across all
models. This is as expected as we included aspect
extraction as the starting point in our framework to
optimize aspect overlap, and this ultimately yields
more informative and less biased summaries. In
addition, we observe that Claude consistently has
the best performance across all methods.

5.4 Opinion Diversity Analysis

Coverage across distinct viewpoints is essential in
nested threaded documents to ensure that not only
the most popular or repeated viewpoints are in-
cluded in the summary. Ideally, a good summarizer
should be able to capture the opinion of the original
poster and the diverging opinion of the responders.
To evaluate the performance of our method on opin-
ion diversity coverage, we conduct an analysis to
compare the opinion diversity in the generated sum-
mary to the source documents. We achieve this by

Coverage Coherence

Vanilla 34 3.5
arg-graph 35 33
CHRONOS 3.7 3.7
mRedditSumm 3.0 3.1
ThreadSumm (ours) 4.9 4.6

Table 4: Human Annotation results comparing our
method to other baselines.

clustering source sentences into opinion clusters
using sentence embeddings and K-means using
all-MiniLM-L6-v2 from the Sentence Transformers
family. A cluster is considered covered if at least
one summary sentence is semantically aligned with
a source sentence in that cluster, beyond a similar-
ity threshold. We set the clusters k = 5 to account
for a variety of stances/viewpoints, and similarity
threshold 7 = 0.6. In this sense, coverage is used as
a measure of opinion diversity preservation, ensur-
ing that the summary is touching all the different
positions that exist, not just the prominent opinions.
The final coverage is computed as the fraction of
source clusters represented in the summary. We
compare our method against the baselines, and the
results in Table 3 show that ThreadSumm mostly
achieves better opinion coverage compared to other
methods. This indicates that our method performs
better at preserving opinion balance rather than
factual redundancy.

5.5 Human Evaluation

We also collect human evaluation on the three
datasets to compare the summaries generated from
ThreadSumm versus the baselines. Since our re-
search goal is primarily focused on improving dis-
course coverage and coherence, we use the same
two quality dimensions for human evaluation. We
ask the annotators to rate the summaries with re-
spect to the source document on a scale of 1-5
(1 being the worst, and 5, the best). We provide
clear guidelines to the annotators, as shown in Ap-
pendix B. We collect evaluation from two anno-
tators for each summary, and compute the inter-
annotator agreement on coherence and coverage
provided by the annotators using Krippendorft’s
alpha. The result in Table 4 shows that our method
performed better on both coherence and coverage
with medium to high inter-annotator agreement of
0.67 and 0.82.
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Uncontrolled Length (number of words) Controlled Length (number of words)
Length QAGS SummaC ROUGE-1 ‘ Length QAGS SummaC ROUGE-1

Vanilla 107 37.29 30.71
arg-graph 104 3947 31.28
CHRONOS 103 4322  30.85
mRedditSumm 117 4493 34.12
ThreadSumm (ours) 169  52.74  34.79

31.53 76 2812  25.19 24.01
33.62 71 3129  27.03 23.72
3491 70 3785 27.61 25.29
36.44 78 3937 29.55 26.38
40.18 73 4512 2641 27.93

Table 5: Summary Length Analysis

5.6 Summary Length Sensitivity

We run a controlled experiment with summaries set
to length = 5 sentences and compute new scores
in Table 5. We observe that shortening the sum-
maries lowers performance on all metrics, with
ROUGE being the most sensitive to length reduc-
tion, followed by QAGS, while SummaC changed
only marginally. However, under both settings,
controlled length as well as uncontrolled length,
ThreadSumm mostly outperforms other methods,
except on SummaC where mRedditSumm has the
highest score. In addition, we conducted a brief
analysis comparing our method to mRedditSumm
on the Bitcoin dataset under reduced depth and
breadth of the input document set, and observed
comparable performance between both methods
only when both depth and breadth of the document
set were limited to 2. This further shows the ad-
vantage of our method on more complex, deeply
nested hierarchical discourse structures.

5.7 Qualitative Analysis

We manually analyze the summaries qualitatively
in addition to the automated evaluation. Table 6
shows a sample source document, the correspond-
ing summary generated using the vanilla prompt,
mReddit method, and the summary generated using
our method. We observe that the vanilla method
gives a very high-level summary, omitting key
points like the current listing price, car mileage,
and country of production. This is also observed
in the mReddit summary, where there is no men-
tion of the platform where the car was listed, the
car mileage or country of production. Our method,
on the other hand, covers a lot more key points in
the source document (highlighted in green font),
yielding longer summaries, while still maintain-
ing a coherent flow of information from the first
sentence to the last sentence. Also notable is the
fact that slangs such as “grand” (thousand), and
acronyms such as “AUS” (Australia) are not omit-

ted, but properly represented in the summary.

5.8 Ablation

Effect of Aspect Extraction, Sentence Reorder-
ing, and Tree of Thoughts To assess the con-
tribution of Aspect Extraction, we remove this
component from our pipeline and report results on
the Bitcoin dataset with the CLAUDE model (Ta-
ble 7). While the ROUGE-1 drop is under 1 point,
QAGS and SummaC degrade sharply, indicating
that Aspect Extraction is critical for factual consis-
tency and overall summary quality. To measure the
effect of Sentence Reordering, we compare our
framework without this step. We see that remov-
ing Sentence Reordering leads to an even larger
decline in SummaC and ROUGE-1 than omitting
Aspect Extraction, confirming that reordering sen-
tences before generation is important for producing
a coherent, connected narrative. Finally, we ablate
the Tree of Thoughts step. Although QAGS re-
mains comparable to the settings without Aspect
Extraction and Sentence Reordering, both Sum-
maC and ROUGE-1 drop substantially when Tree
of Thoughts is removed. This suggests that Tree of
Thoughts is the single most impactful component
in our pipeline, yielding the largest overall gains.

Effect of Number of Proposals To assess the
effect of the number of proposals in the ToT step,
we analyze how our method performs with varying
number of proposal parameters. Table 8 provides
an initial sensitivity analysis over the number of
reordering and paragraph proposals on the Bitcoin
case study. While we observe that different config-
urations can shift QAGS, SummaC, and ROUGE
in non-uniform ways, the gains from significantly
larger search are not consistently monotonic across
metrics. These mixed patterns suggest that more
aggressive ToT search does not automatically trans-
late into better summaries, and that different eval-
uation metrics may favor different regions of the
ToT hyperparameter space.
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Input : Current car is surely on its way out. Too much rust and too much shit going wrong with it to
warrant all the repairs that it needs. I found a 1988 Mazda 323 on Craigslist with sub-30k miles on it
in pretty much new condition. What’s the most you’d pay for something like this? </s>I might buy it
first... Late 80’s were epic for Japan. Keep on the look out for an AZ-1 as well ;) </s>I wouldn’t pay
$4900, that’s for sure. </s>Definitely not ;) </s>People ask for outrageous sums for these low mileage
cars that nobody cares about. I’m guessing the same is the case here?..... (truncated 20 lines)

Vanilla Summary : The user is considering buying a 1988 Mazda 323 with low mileage, found on Craigslist,
but thinks the current price is too high. The car has been barely used, with a little old lady driving
it only once a week, but this lack of use may have led to neglect of regular maintenance, such as
replacing the timing belt. The user and others discuss what a fair price for the car would be, with
suggestions ranging from $2,000 to $3,500, and some expressing a fondness for 80s cars, including the
Mazda 323, for their reliability and low maintenance costs.

mReddit Summary : A person is considering purchasing a 1988 Mazda 323 with low mileage, but is hesitant
due to the high asking price and potential maintenance costs. They would actually prefer a higher-mileage
vehicle with a proven track record of maintenance. The initial asking price was $7,000, which was later
reduced to $5,000, but most people agree that this is still too high. A more reasonable price for the
vehicle would be between $2,000 to $3,500. The buyer is waiting to see if the price drops further and
is seeking more information before making a decision.

ThreadSumm Summary : produced many epic cars in the late 8@0s. Mazda 323 is a car model from the
late 80s. The AZ-1 is another car model from Japan. Interestingly, a notable example of a well-preserved
car from this era is the 1988 Mazda 323, which was found on . The 1988 Mazda 323 has
on it and is in pretty much new condition. This remarkable condition can be attributed to the
fact that the car has been maintained over the years by a , and the car has been driven
. Despite its good condition, the car will need a complete service and
The Mazda 323 was initially listed for nearly $7k, which is around the

However, the of the Mazda 323 has been lowered to $5k. In comparison, in
, a Mazda 323 in good condition would cost around $2 to $3 thousand. It’s worth noting that
some people prefer a well-maintained car with over a low-mileage car.

Table 6: Example showing an input document from the Reddit dataset, the summaries generated using the vanilla
prompt, mReddit method, and our method. The words highlighted in green are the key points included using our
method, but omitted in either the vanilla or mReddit method.

QAGS SummaC ROUGE-T QAGS(A) SummaC(A) R-1(A)
ThreadSumm 85.71 63.72 22.16 r=2,p=2 238 14.29 -4.56
GPT4 = = . -14. -3.
w/o Aspect Extraction 57.14 50.19 21.36 r B 12’ P _1 ?Zg 41;8268 ;;é
w/0 Sentence Reordering 57.14 45.06 21.04 r-o k- : i e
w/o Tree Of Thought 57.14 44.44 6.08 r=2,p=2 1416 -14.28 2.72
CLAUDE r = 1, p =1 13.71 14.29 2.4
Table 7: Ablation study of the necessity of Aspect Ex- r=2,p=1 1249 -57.14 -2.64
traction, Sentence Reordering and Tree of Thoughts r=2 p=2 -11.54 0 216
LLAMA r =1, p =1 -10.73 14.28 -2.88
r=2,p=1 302 14.28 272

6 Conclusion
Table 8: Delta observed in varying reordering proposals
We introduce ThreadSumm, a multi-stage LLM (r) and paragraph proposals (p) compared to r = 1,
pipeline framework consisting of Aspect extrac- and p = 2 used in our experiments.
tion, ACU generation, Sentence ordering, Para-
graph writing, Paragraph evaluation and selection
using Tree of Thoughts for nested discourse sum-
marization. Our method optimizes summary coher-
ence and coverage of the source document without
needing predefined thread order. We conduct exten-
sive experiments across models and forum datasets,
and our results show that our proposed method
offers significant improvement compared to the
baseline methods, while achieving higher aspect re-
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tention and opinion coverage in nested discussions.
Since we focused on optimizing only coherence
and coverage in this work, for future work, we will
extend the Tree of Thoughts approach to optimize
other dimensions of summary quality considering
the quality-cost tradeoff. We will also explore how
this method can be used in other areas of text sum-
marization aside from discussion forums.



Limitations

We acknowledge certain limitations that may af-
fect the performance and generalization of our
method. Our method does not consider multimodal
datasets, as we focused on datasets with textual
data specifically English threads only. Also, our
Tree of Thoughts search relies on LLM-based co-
herence and coverage scores, which could intro-
duce potential biases and instability in the evalu-
ation signal. We treat these scores as black box
outputs and do not systematically calibrate or vali-
date them against human judgments. Because the
same LL.Ms are used both to generate summaries
and to score them, our evaluation loop may inherit
model-specific preferences. Furthermore, our dis-
cussions related to the performance of prompting
of large language models in generating summaries
of nested discourse threads are based solely on the
summaries that were developed during this study
and the summarization models that were adopted
in our experiments.

Ethical Considerations

All the datasets and models we used in this paper
are publicly available and accessible. The datasets
used in this study are sourced from social forums
which are known to contain offensive language;
therefore, it is possible for the models to also gen-
erate summaries with offensive words.
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A Experimental Details

In this section, we provide more experimental de-
tails and LLM prompts used. The full algorithm
for our method is in Algorithm 1. We set the tem-
perature at O for all LLMs used in this study to
ensure that the models generate a deterministic
summary. All experiments were run using Nvidia
A100 GPU. ThreadSumm introduces additional
LLM calls for aspect extraction, ACU generation,
sentence ordering, and Tree-of-Thoughts evalua-
tion, which increases computational cost relative to
single-pass prompting. On average, summarizing a
single thread in our setting requires 5-8 LLM calls
depending on the number of steps and proposal,
resulting in higher cost of up to 1.5X vs Vanilla
method, but yielding ROUGE improvements of up
to 65%, particularly for complex nested discourse
structures. For ToT hyperparameter selection, we
selected 25 samples from the Reddit dataset and 12
samples from the Stack dataset for the preliminary
pilot run, and we picked the configuration with the
best mean evaluation performance for our exper-
imental setup: number of steps = 3, number of
reordering proposals = 1, and number of paragraph
proposal = 2, chosen to balance summary quality
and computational cost. We do not claim that our
chosen depth and branching factors are globally
optimal for all datasets or models.
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A.1 Aspect Extraction

We use the prompt in Figure 5 across all models to
extract all the key aspects in the Source Document.

Aspect Extraction Prompt

You are an expert at understanding docu-
ments. Extract the unique aspects (places,
names, products, features, objects) men-
tioned in the following document : {Input}

Figure 5: Aspect Prompt

A.2 ACU Generation Prompt

We use the prompt in Figure 6 across all models to
generate ACUs on all aspects extracted in the pre-
vious step. Human evaluation was done on a sub-
set of the data to verify the faithfulness of Aspect
Extraction and ACU generation, across different
prompts.

ACU Generation Prompt

SystemPrompt : You are an expert at ana-
lyzing documents and breaking them down
into atomic content units (ACUs). An ACU
is the smallest self-contained statement of
fact, claim, or idea that cannot be further
broken down without losing its meaning.
UserPrompt : Follow this process step by
step:

1. Read the document carefully.

2. Read the Aspect list carefully.

3. For each aspect, identify all distinct fac-
tual claims, propositions, or ideas.

4. Each ACU should express only one idea.
5. Each ACU should be independent of
surrounding text.

6. Each ACU should be written in clear and
concise language.

7. Rewrite each idea as a minimal, stan-
dalone statement.

8. Do not include reasoning steps or expla-
nations, only the extracted statements.

9. Output the ACUs in a list, where each
item is one ACU string.

10. Return only the file as output.

Figure 6: ACU Generation Prompt

A.3 Sentence Ordering

We use the prompt in Figure 7 to reorder the ACUs
generated in the previous sentence to form a coher-
ent flow.

Sentence Ordering Prompt

You are an expert at reordering documents
for them to follow a logical and coherent
flow. Ensure every sentence appears ex-
actly once (none omitted or duplicated). Do
not add new content. The reordered output
should be a single continuous text, not an
itemized list.

Figure 7: Sentence Ordering Prompt

A4 Paragraph Writing

We use the prompt in Figure 8 across all models
to summarize all the key points in the reordered
sentences into a succinct paragraph.

Paragraph Writing Prompt

SystemPrompt: You are an expert at reading
documents and summarizing the key points
into one coherent paragraph.

UserPrompt: Given the following sentences,
write a single coherent paragraph (not in bul-
let points or itemized. The first sentence of
the paragraph must be the first sentence of
the input document, and the last sentence of
the paragraph must be the last sentence of
the input document. Do not omit or dupli-
cate any sentences. Use natural transitions
and make it flow well.

Figure 8: Paragraph Writing Prompt

A.5 TIterative Evaluation

We use the prompt in Figure 9 to evaluate the para-
graph candidates against the original text for its
coherence and coverage.
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Evaluation Prompt

SystemPrompt: You are an expert at evalu-
ating text for coherence and coverage.
UserPrompt: "Given the original text (rep-
resenting a set of core ideas) and a rewritten
paragraph, score the paragraph for:

1. Coherence (logical flow, readability, and
overall structure, ranging from 0.0 to 1.0)
2. Coverage (how completely it includes
all key ideas/sentences from the original
text, ranging from 0.0 to 1.0) Return the
two scores as two numbers separated by a
space (e.g., 0.9 1.0”). If the paragraph con-
tains significantly fewer or more sentences
than the original text, or if it changes the
core meaning, score coverage lower. Do
not provide any other text besides the two
scores.

Figure 9: Evaluation Prompt

Algorithm 1 ThreadSumm

: Input: Documents D

: Output: Summary S

p < ConstructAspectPrompt(D)

: raw < LLMgs(p, E)

A + NormalizeAspects(raw)

C+0

for each a € A do
p < ConstructACUPrompt(D, a)
raw < LLMgs(p, E)

10:  C «+ C U ExtractACUs(raw)

11: end for

12: C < Deduplicate(C')

13: scores +— ComputeCoherenceMatrix(C')

14: start < SelectMostCoherent(C, scores)

15: ord < start

16: while unplaced ACUs remain do

17: next < SelectBestFollower(ord.last, C, scores)

18:  Append(ord, next)

19: end while

20: P+ 0

21: fori=1to K do

22:  p <« GenerateParagraph(

23: start = ord[1],

24 end = ord[last])

25: P+ PUp

26: end for

27: for each paragraph p in P do

28:  coh < ComputeCoherence(p)

29:  cov < ComputeCoverage(p)

30:  score[p] - CombineScores(coh, cov)

31: end for

32: S + ArgMax(score)

33: return S

R A A o bl

B Annotation Guidelines

We provide the two English-speaking student anno-
tators, familiar with community forums with clear
guidelines on how to conduct evaluation of the sam-
ples, shown in Figure 10.

Annotation Guidelines

Given the following summaries, and the doc-
ument, read the content and the summaries
properly, and rate them on the following
dimensions.

Coherence: On a scale of 1-5, is the sum-
mary well-structured, grammatical and easy
to follow?

Coverage: On a scale of 1-5, how well does
the summary cover all the points in the con-
tent provided?

Figure 10: Annotation Guidelines

C LLM-as-a-judge evaluation

We carried out additional analyses using LLLM-as-a-
judge with a different model “gpt-0ss-20b”. Our re-
sults in Table 9 show that even under this new met-
ric, ThreadSumm outperforms the other methods
on Coherence and Coverage, and mRedditSumm
remains the most competitive baseline.

D Enhanced Vanilla Prompt

The vanilla baseline we used in the main experi-
ment was kept simple to get a fair, reproducible
baseline, and approximate how an off-the-shelf
user would call the model. However, we run addi-
tional experiments with an enhanced vanilla prompt
- "You are an expert text summarizer tasked with
providing summaries of nested multi-turn conver-
sations, with multiple replies and quotes. Read
through the documents, to understand the logical
flow of the conversation. Please provide a sum-
mary of the text, ensuring coherence and coverage
of all salient points. Do not itemize the summary.
Return nothing else.” We report the results in Table
10, and note that while Enhanced Vanilla improves
over the simple Vanilla method, our method still
achieves superior performance relative to the en-
hanced baseline.
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Reddit

QAGS SummaC ROUGE-1

Stack
QAGS SummaC ROUGE-1

Bitcoin
QAGS SummaC ROUGE-1

Vanilla 8.7 8.2 8.6 8.6 8.9 8.6 8 8 8
Coherence arg-graph 8.2 7.8 8.4 7.6 8.7 6.7 6 8 7
CHRONOS 8.6 8.4 8.2 8.5 7.2 8.6 8 9 8
mRedditSumm 8.8 8 8.6 8.2 8.7 8.3 9 8 8
ThreadSumm (ours) 9.1 9.3 8.9 9.1 9.2 8.9 10 10 9
Vanilla 7.8 7.8 7.4 7.6 8.5 7.8 7 8 6
arg-graph 7.6 7.8 7.2 8.4 7.9 7.4 7 7 7

Coverage
CHRONOS 8 7.6 7.8 8 8.8 8 7 8 7
mRedditSumm 8.2 8 8.2 7.9 8.9 8.5 8 8 8
ThreadSumm (ours) 8.8 8.4 8.2 8.6 9 8.5 9 9 8

Table 9: LLM-as-a-judge results comparing ThreadSumm and other baselines across three models, three datasets,

and three evaluation metrics.

Reddit Stack Bitcoin
QAGS SummaC ROUGE-1|QAGS SummaC ROUGE-1|QAGS SummaC ROUGE-1

EnhancedVanilla  38.54  30.26 31.09 37.92  38.34 33.91 7143 49.20 6.29

Vanilla 36.46  30.16 30.54 3346 3534 32.24 71.43  48.17 5.44

GPT4 arg-graph 38.46  30.18 27.11 3455 3444 29.22 8571 57.86 4.96
CHRONOS 4149  30.31 28.59 33.82 3523 31.62 7143  46.26 6.00
mRedditSumm 38.23  30.76 29.55 3455 35.10 31.84 28.57  61.08 5.92
ThreadSumm (ours) 50.34  30.40 33.30 4994 33.46 35.89 57.14  40.07 15.28
EnhancedVanilla 40.44  31.76 32.93 44,65 39.13 34.42 57.14  48.39 5.61

Vanilla 38.34  29.51 30.88 40.05 36.79 31.86 28.57 45.54 4.56

CLAUDE arg-graph 4091  32.01 30.19 42.61 37.07 30.48 28.57 57.44 6.72
CHRONOS 4543 32.11 26.35 41.64  33.56 27.76 7143  67.73 4.96
mRedditSumm 45.66  30.64 26.82 39.93  34.87 29.22 57.14 6228 5.20
ThreadSumm (ours) 55.66  42.42 34.37 57.75  50.29 39.29 8571 63.72 22.16
EnhancedVanilla  35.87  30.59 32.35 3477  36.42 33.53 57.14  44.28 6.26

Vanilla 33.20 28.66 30.53 32.84 3246 32.69 57.14 41.33 6.08

LLAMA arg-graph 3549 3093 24.21 36.75 38.97 27.35 28.57 49.80 6.16
CHRONOS 43,09 28.82 27.10 31.50 3641 28.82 42.80 31.67 5.20
mRedditSumm 40.34  30.34 30.37 37.36  35.00 31.96 28.57 45.52 6.24
ThreadSumm (ours) 50.00  33.98 25.25 51.28 42.44 38.39 7143 59.36 20.08

Table 10: Results comparing ThreadSumm and other baselines across three models, three datasets, and three

evaluation metrics, including enhanced vanilla prompt.

E Analysis of sentences not represented in
summary

In this section, we analyze the sentences in the Bit-
coin source document that are not represented in
the summary. A sentence is considered represented
if it is greater than or equal to the dynamic thresh-
old which is calculated based on the statistical prop-
erties of each conversation-summary pair. Table 11
shows the ThreadSumm summary, as well as the
index and corresponding text not represented in the
summary. It is obvious that the underrepresented
text does not improve or diminish the summary con-
tent in any way, indicating that our method does

not show position bias.

F Aspect Coverage on Reddit and Stack
Datasets

We plot the Aspect Coverage on Reddit and Stack
datasets in Figure 11, and Figure 12, and we see
that our method mostly outperforms the baseline
methods. Claude also has the best performance on
both datasets as observed in the Bitcoin datset.

G Ablation on Reddit and Stack

We provide further results in Table 12 and Table
13, which match the same findings observed on the
Bitcoin dataset that Tree of Thoughts is the single
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ThreadSumm Summary

The discussion of anonymous payment methods begins with
the consideration of cash, which is generally considered the
most anonymous way to pay. Cash is considered the best
anonymous payment method, but it has its own set of limita-
tions. However, paying with cash can be more anonymous
than paying with Bitcoin, but in some cases, Bitcoin can be
more anonymous than cash. Large volumes of cash cannot be
stored or sent easily, and banks may ask questions or refuse
to release large amounts of cash. Using cash can leave finger-
prints unless gloves are worn, and the CIA may investigate
cash transactions for forensic analysis, although serial num-
bers on cash do not serve the purpose of tracing ownership.
In contrast to cash, Bitcoin transactions have their own set of
characteristics. The blockchain is a permanent record of all
Bitcoin transactions. Bitcoin transactions can be traced, but
ownership cannot be proven. However, Bitcoins can be mixed
and re-mixed to prevent the NSA from identifying a Bitcoin
holder, and the NSA can see who has a significant amount
of Bitcoins. Paying with mixed Bitcoins can be more anony-
mous than paying with cash. Using a VPN can make Bitcoin
transactions more anonymous. Bitcoin transactions are more
anonymous online than in person. The use of Bitcoin for vari-
ous transactions is also noteworthy. Bitcoins can be used for
all transactions, regardless of the amount. Using Bitcoin for
small transactions contributes to the freedom of the currency.
The blockchain can be used for small transactions without
"polluting’ it. Face to face transactions of physical goods can
only be traced by the other person seeing and remembering
the buyer’s face. Phone and email records can be traced, but
Trac phones and certain emails cannot be traced. Computers
always leave digital traces. Ultimately, the most anonymous
transaction is the one that utilizes complete online anonymity
measures. The only totally anonymous transaction is for digi-
tal goods bought online using Bitcoin with complete online
anonymity measures. Buying Bitcoin anonymously is possi-
ble but often requires more effort than buying cash. Some
exchanges, like btc-e, do not require identification to buy Bit-
coin. Cash is generally considered the most anonymous way
to pay, but Bitcoin can offer a high level of anonymity when
used correctly.

Posts and Index from Source Document not represented
in the summary

#12: ;D. Of course it is.
#13: But unless it’s lying around you have to pull it out of

your account and if it’s a large amount that’s pretty tricky ...
#18: It just depends!.
#22: Whoever you give it to is likely to spend it fast, so most

of the time you don’t have to worry.
#47: Absolutely it is.
#52: I’'m always surprised when I read that some people want

to use BTC to buy a soda.

Table 11: Analysis of sentences not represented

most impactful component in our pipeline, yielding
the largest overall gains, and in Table 14 and Table
15 showing that different evaluation metrics may
favor different regions of the ToT hyperparameter
space.

H Disclosure of use of Al tools

Portions of this manuscript were prepared with the
assistance of Al tools for editing, and research on
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Figure 11: Aspect Coverage of the summary relative to
the source document on Reddit dataset.

=Vanilla =arg-graph =Chronos &mRedditSumm & ThreadSumm

|—]
=
=
||

50

Iy
°

||

©
°

Aspect Coverage (%)

[

GPT4 Claude Llama

Figure 12: Aspect Coverage of the summary relative to
the source document on Stack dataset.

QAGS SummaC ROUGE-1

ThreadSumm 55.66 42.42 34.37

w/o Aspect Extraction 48.19 31.06 30.12
w/0 Sentence Reordering 48.02 30.24 27.46
w/o Tree Of Thought 39.53 28.36 25.15

Table 12: Ablation study of the necessity of Aspect
Extraction, Sentence Reordering and Tree of Thoughts
on Reddit dataset

QAGS SummaC ROUGE-1

ThreadSumm 57.75 50.29  39.29

w/o Aspect Extraction 41.19 40.81 3546
w/o Sentence Reordering 40.63 37.22  33.75
w/o Tree Of Thought 38.08 33.14 30.21

Table 13: Ablation study of the necessity of Aspect
Extraction, Sentence Reordering and Tree of Thoughts
on Stack dataset

related work (OpenAl ChatGPT, Perplexity). These
tools were used to improve sentence clarity, while
all ideas, analysis, and conclusions are the authors’
Oown.
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QAGS(A) SummaC(A) R-1(A)

r=2 p=2 1267 -8.42 -3.87
GPT4 r=1, p=1 1410  -1065  -5.18
r=2,p=1 1022 1129 377

r=2 p=2 116l -8.49 291
CLAUDE r = 1, p =1 12.39 9.34 253
r=2,p=1 1006  -1040  -2.74

r=2 p=2 1372  -1126 398

LLAMA r =1, p =1 10.12 8.31 -2.05
r=2,p=1 1088 9.42 2.28

Table 14: Delta observed in varying reordering propos-
als (r) and paragraph proposals (p) comparedtor = 1,
and p = 2 used in our experiments on Reddit dataset.

QAGS(A) SummaC(A) R-1(A)

r=2,p=2 1142 9.26 291

GPT4 r=1,p=1 894 7.12 -4.06
r=2,p=1 -1032 -1074  -4.17
r=2,p=2 863 10.29 -3.96
CLAUDE r = 1, p =1 842 -8.16 2.02
r=2,p=1 -937 10.67 281
r=2,p=2 954 742 221

LLAMA r =1, p =1 -5.62 10.19 2.64
r=2,p=1 -871 9.23 2.11

Table 15: Delta observed in varying reordering propos-
als (r) and paragraph proposals (p) comparedtor = 1,

and p = 2 used in our experiments on Stack dataset.
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