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Large Language Models (LLMs) excel at generating coherent and human-like
questions and answers (QAs) across various topics, which can be utilized in various
applications. However, their performance may be limited in domain-specific knowledge
outside their training data, potentially resulting in low context recall or factual
inconsistencies. This is particularly true in highly technical or specialized domains that
require deep comprehension and reasoning beyond surface-level content.

To address this, we propose Collective Intentional Reading through Reflection and
Refinement (CIR3), a novel multi-agent framework that leverages collective intelligence
for high-quality Question-Answer Generation (QAG) from domain-specific documents.
CIR3 employs a transactive reasoning mechanism to facilitate efficient communication
and information flow among agents. This enables an in-depth document analysis and
the generation of comprehensive and faithful QAs. Additionally, multi-perspective
assessment ensures that QAs are evaluated from various viewpoints, enhancing their
quality and relevance. A balanced collective convergence process is employed to
ensure that the agents reach a consensus on the generated QAs, preventing
inconsistencies and improving overall coherence.

Our experiments indicate a substantial level of alignment between the CIR3-generated
QAs and corresponding documents, while improving comprehensiveness by 21% and
faithfulness by 17% compared to strong baseline approaches. Code and data are
available at https://github.com/anonym-nip-ai/cirrr.
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Abstract

Large Language Models (LLMs) excel at generating coherent and human-
like questions and answers (QAs) across various topics, which can be uti-
lized in various applications. However, their performance may be limited
in domain-specific knowledge outside their training data, potentially result-
ing in low context recall or factual inconsistencies. This is particularly
true in highly technical or specialized domains that require deep compre-
hension and reasoning beyond surface-level content. To address this, we
propose Collective Intentional Reading through Reflection and Refinement
(CIR3), a novel multi-agent framework that leverages collective intelligence
for high-quality Question-Answer Generation (QAG) from domain-specific
documents. CIR3 employs a transactive reasoning mechanism to facilitate
efficient communication and information flow among agents. This enables an
in-depth document analysis and the generation of comprehensive and faith-
ful QAs. Additionally, multi-perspective assessment ensures that QAs are
evaluated from various viewpoints, enhancing their quality and relevance.
A balanced collective convergence process is employed to ensure that the
agents reach a consensus on the generated QAs, preventing inconsistencies
and improving overall coherence. Our experiments indicate a substantial
level of alignment between the CIR3-generated QAs and corresponding doc-
uments, while improving comprehensiveness by 21% and faithfulness by 17%
compared to strong baseline approaches. Code and data are available at
https://github.com/anonym-nlp-ai/cirrr.
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1. Introduction

Question-Answer Generation (QAG) is a data augmentation task that
consists of generating a set of QA pairs given a context. QAG has a variety
of applications, from information retrieval [1, 2, 3| to healthcare [4, 5|, and
education [6, 7, 8]. Although Question Generation (QG) has been extensively
researched in the context of language models [9, 10|, QAG presents a more
challenging task, as it requires generating both the question and the answer,
rather than assuming that the answer is already provided in the input, as
illustrated in Example 1. While QG models offer a more direct and focused
approach, they primarily focus on surface-level features of the context, such
as facts and keywords. This is due to the limited amount of explicit infor-
mation that is conditioned on the input answer. Furthermore, despite the
proposal of various methods, generating comprehensive and semantically dis-
tinct questions from the same context remains under-explored as highlighted
in [11, 12]|. The latter attributes this limitation to the lack of multi-reference
training datasets that exhaustively cover all possible questions for each con-
text. This inability is even more evident in highly technical or specialized
domains, where documents are often rich in information.

[lustrative Example: QG vs. QAG

Context: "A defined contribution pension plan is one where the final benefit de-
pends on the contributions made and the performance of the selected investments."”

QG Output:

e How does a defined contribution plan work?

e What determines the final benefit in a defined contribution plan?
QAG Output:

e Q: How does a defined contribution plan work?
A: Tt depends on the contributions and investment performance.

e Q: What determines the final benefit in a defined contribution plan?
A: The final benefit depends on contributions and investment returns.

In-Context Learning (ICL) [13] is an emerging paradigm that enables
LLMs to learn new tasks without the need for extensive fine-tuning on spe-
cific data. By providing a description of the task, along with a few or even
zero demonstrations as part of the input context, LLMs can be conditioned to
perform well in various domains. This approach has shown promising results,



surpassing state-of-the-art models in some tasks, and offers a potential solu-
tion to the challenge of limited data availability [14, 15]. Despite impressive
results on popular NLP benchmarks, we find that using ICL for QAG, given
a relatively complex document, often lacks robust inference mechanisms to
deduce implicit relationships between the different key points inherent in the
context. If the generation depends on comprehending the underlying con-
nections that are not explicitly stated in the context, the model may fail to
generate faithful QAs that accurately reflect this complexity. This is par-
ticularly problematic for information-dense contexts, which are common in
highly domain-specific corpora, such as finance and health.

Recent advancements in LLM-based Multi-Agent' (LLM-MA) systems
have shown significant improvements in problem-solving abilities through
planning, collaboration, and autonomous task execution [18, 19]. These sys-
tems break down complex tasks into simpler subtasks to enhance complex
task solving. Compared to standard LLMs and single-agent setups, LLM-
MA systems offer advanced capabilities by leveraging collective intelligence
and specialized skills [20]. Motivated by the potential of these capabilities,
we augment the QAG task with collective reasoning through the adoption of
LLM-MA settings.

In order to address the aforementioned limitations in relation to generat-
ing comprehensive and faithful QAs from highly domain-specific documents,
we derive a list of research questions around the adoption of LLM agents for

QAG tasks:

R.1 : Can an LLM-MA workflow uncover deeper and perhaps implicit key
concepts from a complex and information-dense document?

R.2 : How can LLM-MA effectively emphasize deep engagement, with a
text, from different viewpoints to enable comprehensive and consistent
generation and mitigate blind spots?

'LLM-based agents are autonomous systems that leverage LLMs as their core reason-
ing and decision-making engine. These agents can perceive their environment through
natural language, process information, generate plans, and take actions to achieve spe-
cific goals. Unlike traditional AI systems with static functionalities, LLM-based agents
exhibit a degree of general intelligence, enabling them to handle a wider range of tasks and
adapt to novel situations based on their extensive knowledge and language understanding
capabilities[16, 17].



R.3 : (a) How can we incentivize multiple agents to seek consensus? (b)
How can we control the process of convergence to reach common QAG,
while avoiding premature collapse to incomprehensive and /or unfaith-
ful generation?

To address these research questions, we design Collective Intentional
Reading through Reflection and Refinement (CIR3) based on three cor-
responding hypotheses:

H.1 : Transactive reasoning? allows the deduction of QAs that uncover the
implicit relationships between key concepts within the text.

H.2 : Multi-perspective group debate leads to an in-depth analysis of the
document.

H.3 : Collective convergence, the process of a group of agents moving to-
wards a shared output, requires disruptive signals to ensure diversity
is maintained and collapse is avoided.

To build upon these hypotheses, CIR3 first utilizes an optimized topology
of information within the agents to maximize the effectiveness of collabora-
tive problem-solving and ensure an in-depth analysis of the input document.
Second, CIR3 gains effectiveness by dynamically allocating specialized writer
agents, each with a distinct perspective, based on the topic categories iden-
tified within the input context. Third, to reach a shared understanding of
the document, despite the diverse perspectives and reasoning capabilities
of the writers, CIR3 employs a curmudgeon agent as a mechanism for in-
troducing variation. The curmudgeon, coupled with an external evaluation
tool, incites the writers towards a balanced collective convergence on the key
concepts within the text while maintaining diversity in the generated QAs.

While lexical matching is a standard evaluation method for QA tasks,
its limitations become apparent when dealing with generative models, which
often produce plausible answers not found in the predefined gold standard.
This issue is further compounded by LLMs generating increasingly complex

In this paper, we mimic the concept of transactive reasoning [21, 22|, a cognitive
process that occurs through social interaction, where individuals build upon each other’s
ideas to create new knowledge or solve problems. It involves a dynamic exchange of
thoughts, critiques, and elaborations, leading to a deeper understanding of a topic.



and lengthy answers, making lexical matching even less effective [23]. To
ensure a comprehensive and accurate evaluation of CIR3, we employ diverse
automatic metrics, in addition to human evaluation.

To summarize, our main contributions include: (1) We shift our focus
from the typical task of QG to the more challenging QAG, which is inherently
more difficult due to the limited search space and increased risk of produc-
ing duplicate QA pairs; (2) To the best of our knowledge, CIR3 is the first
proposed QAG approach using multi-agent LLMs; (3) Our research demon-
strates that incorporating an external signal significantly improves both the
convergence rate and diversity maintenance within a group of agents. Specif-
ically, in the context of QAG, this translates to optimizing the number of
iterations needed for the agents to reach collective agreement on the identi-
fied QAs pairs that comprehensively and faithfully cover the key concepts of
the input text; (4) To improve alignment with human evaluation, we develop
a custom metric approach leveraging Encoder and LLM-based scores over
both individual and concatenated QA pairs; (5) We demonstrate that CIR3
achieves improvements over strong baselines.

2. Related Work

In this section, we briefly review relevant work in the areas of Question-
Answer Generation and LLM-based Multi-Agent Systems.

2.1. Question-Answer Generation

Both rule-based |24, 25, 26] and neural [14, 27, 28] models have been
extensively used for QG from text documents. Similarly, machine reading
comprehension [29, 30, 31| has been employed for answer extraction (AE)
from text given a question. However, traditional QG and AE methods pro-
duce either the question or the answer, unlike QAG which outputs both.

Several studies have leveraged pre-trained language models for QAG.
These include fine-tuning BERT [32] for AE and QG [33], fine-tuning auto-
regressive LMs for QG [34] using BART [35] and RoBERTa [36] for AE,
jointly fine-tuning LMs for AE and QG [37], and using QAG models to gen-
erate adversarial examples [38]. Recent advancements have also focused on
dynamically identifying question-worthy context words before using them to
condition subsequent question generation [12]. [39] improved QAG by de-
signing three distinct approaches: Pipeline, Multitask, and End2end. [40]



proposed combining entity linkage with a QA system, while [41] enriched
QA extraction by augmenting it with entity-level metadata.

Despite these advancements, current research predominantly focuses on
specific question types, such as Wh-questions, rather than addressing open-
ended questions. Furthermore, the focus tends to be on extracting short
answers from existing text rather than generating comprehensive and detailed
responses. Additionally, evaluating comprehensiveness of QAG remains an
under-explored area. We tackle these challenges using CIR3.

2.2. LLM-based Multi-Agent Systems

Recent research has focused on LLM-based multi-agent systems to im-
prove the quality of complex reasoning tasks. Studies like [42, 43, 44] have
shown that collaboration and task division among multiple agents can re-
duce hallucinations and generate more reliable outputs. Other works, such as
[45, 46|, highlight the benefits of continuous debate among agents to correct
misconceptions, analyze problems from diverse perspectives, and ultimately
achieve higher-quality results.

Furthermore, prior research [47]| has examined the issue of inter-consistency
through inter-agent negotiation. Similarly, drawing inspiration from robotics,
[48] investigated consensus-seeking in multi-robot collaboration by analyzing
the effects of agent number, personality, and network topology. However,
their work specifically focused on agent behavior within a 1D-space. Con-
versely, [49] explored the concept of flocking where agents maintain proximity
while avoiding collisions and preserving formations. In this work, we improve
QAG task through a balanced collective convergence process.

3. Method

Given a context c¢ consisting of a text passage, the task of QAG aims to
produce a set of QA pairs, denoted as G = {(g¢;, a;)}¥,, that satisfies two
crucial properties:

1. Comprehensiveness: The set G should cover all the key points and
essential information present in the context c¢. In other words, for every
significant aspect or piece of information x € ¢, there exists at least
one QA pair (¢;, a;) € G such that g; elicits and a; provides information
relevant to z.



2. Faithfulness: Each answer a; in G must be grounded in and supported
by the factual content of the context c¢. This constraint ensures that
the generated answers are not fabricated or hallucinatory, but rather
reflect accurate information derived from the given text.

Formally, the QAG task can be formulated as an optimization problem,
where the objective is to find the set G that maximizes both comprehensive-
ness and faithfulness with respect to the context c¢. This can be expressed
as: G* = argmaxg [Comp(G, ¢) + Faith(G, ¢)], where Comp(G, ¢) and Faith(G, c)
are scoring functions that assess the extent to which the set G covers the
key points of ¢ and adheres to the factual content of ¢, respectively. These
scoring functions are defined in terms of diversity measures as follows:

G =arg mgax Oé;’a “(Dg+Dy)+ag.- (1 —Dg.) (1)
Com}f(g,c) Faith(G,c)

where D, and D, denote diversity scores computed over the sets of gener-
ated questions {¢;})¥; and answers {a;}Y |, respectively, and D, . denotes a
dissimilarity measure between the concatenated answers a; & --- @ ay and
the context c. D € [1,2] C R, where D = 1 denotes perfect similarity. The
coefficients? aqq and o ¢, where oy o+, = 1, control the relative weighting
of question and answer diversity (Comprehensiveness) and the alignment of
answers with the context (Faithfulness) in the overall score.

In what follows, we describe CIR3 to generate the optimal solution G*
given c¢. This is achieved by building upon the aforementioned hypotheses to
ensure that QAG is based on an in-depth analysis of the input text through
an efficient flow of information and adoption of multiple views approach (3.1,
3.2), while maintaining QAG diversity and optimizing the convergence rate
of agents (3.3). The pseudo-code of the algorithm serving as the conceptual
foundation of our approach is outlined in Algorithm 1.

3In this study, the coefficients o , and «, . are empirically assigned equal weights (0.5).
Although this choice effectively demonstrates our framework’s capabilities, future research
will explore dynamic estimation of a-values, potentially leveraging neural networks or other
adaptive techniques, to further optimize Comprehensiveness and Faithfulness.
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Figure 1: CIR3 takes an input document (1), identifies subtopics (2), and prompts writer
agents to generate QA pairs based on their assigned perspectives (subtopics) (3). The QAs
undergo iterative refinement by the writers (4), followed by an outer refinement where the
curmudgeon, using its intrinsic knowledge and/or the evaluation tool, analyses the QAs
and provides feedback for the next cycle (5, 6). The process halts when the curmudgeon is
satisfied, and CIR3 returns the final QAs (7). The transactive memory serves as a central
knowledge repository.

3.1. Multi-Perspective Analysis

Incorporating multi-perspective or various viewpoints is crucial for ana-
lyzing complex documents as it enhances the depth and breadth of under-
standing. Existing research highlights that a single perspective may intro-
duce bias or overlook crucial aspects [50|. For instance, STORM [46] empha-
sizes the value of multiple perspectives in writing Wikipedia-like articles, by
guiding participants to ask more in-depth questions in the pre-writing stage.
Similarly, [51] showcased how addressing various perspectives improved doc-
ument clarity and readability in document revision task.

While STORM efficiently identifies different perspectives by surveying
existing articles from similar topics using a search engine, CIR3 challenge is
to discover diverse perspectives from a contained and limited context without
retrieving external information. Given the input context ¢, CIR3 leverages
LLM’s language understanding capabilities to identify different subtopics
within the input document c. To this end, we, first, utilize few-shot prompt-
ing, with a limited set of demonstrations, to guide a classifier agent to clas-
sify the context into M specific categories P = {py, ..., par} (Figure 1 (D-2)*.

4For example, given a finance-related document, CIR3 is prompted to discover the
different M subtopics present in the context, such as pensions, insurance, and savings.



Next, the moderator agent dynamically assigns each identified perspective p;
to a different writer W), , while prompting the agents to analyze the input
context and generate a set of QA pairs, GP7, based on their respective per-
spectives (Figure 1 (3)). Subsequently, as per 3.2 and 3.3, the list of GPs

Algorithm 1: CIR3

Input : Max inner-refinement cycles L;
Max outer-refinement cycles K;
Max perspective M, Context ¢
Output: QA pairs G*

1 M« [7”] // Writer’s short memory state.
H <+ [7”] // Long short-term memory state.

[V

// Identify and assign unique perspectives P.

Wp, = "default in-domain writer"

W « [Wp,] // List of Writers.

P < classify_subtopics(c, M) // List of subtopics < M.

@ o~ W

7 foreach subtopic in P do
s | W.append( get_perspective_writer(subtopic) )
o end

10 // Outer-refinement cycles: evaluate and critic
11 k<0
12 ]://H‘l — g

13 do

14 // Inner-refinement cycles: generate, then refine.
15 l+0

16 Fip1 < 2

17 do

18 G « generateQAs(c, M[—1], H[-1])
19 Fiy1 < refineQAs((GT, M))

20 M.append((G*1, Fiv1))

21 [+ +

22 while | < L A Fi41 # @

23 G+ Gt

24 Fli1 < curmudgeonQAs((G~x, H))

25 H.append((G ™k, F'i+1))

26 k++

27 while k < K N\ Fly 1 # O;
28 G* G
29 return G*




are aggregated into Q@ = {GPi j]\il, then subjected to iterative refinement

and evaluation, ultimately resulting in G*. For better coverage of the overall
information and the relationships between the key concepts within the con-
text, CIR3 introduces W,,, based on the corpus domain. Additionally, this
approach guarantees at least one agent will be available even if no subtopics
are identified.

3.2. Transactive Reasoning

[52] explores how the group structure, the pattern of connections between
individuals, can significantly influence collective cognition and shared knowl-
edge within the group. This suggests that the structure of a network plays
a crucial role in how memories are shared and aligned within a group. For
instance, centralized networks, where information flows through a few key
individuals, can lead to faster memory alignment but may also result in the
loss of some details. In contrast, decentralized networks, with more diverse
connections, may preserve a wider range of memories but take longer to reach
consensus.

Drawing upon these insights, CIR3 employs a hybrid topology that con-
sists of decentralized network of writer agents within a centralized network
of two more agents, moderator and curmudgeon. To encourage communi-
cation and interaction, the group of writers form a fully-connected graph,
where they operate at the same hierarchical level. To facilitate transactive
reasoning, CIR3 adopts a reflection process, which benefits from the itera-
tive exchange of critiques and refinements among the writers (Figure 1 ().
At iteration [, CIR3 gathers and aggregates feedback from all writers into
Fi={F’ jj\il, links it to the previous QAs, G*;_;, and then appends this
updated information to the transactive memory. This creates a sequential
memory state that evolves with each iteration:

M={(G 0, F), .., (G 11, F) (2)

The reflection prompt is specifically designed to encourage the participants
to build upon each other’s analysis, while maintaining comprehensive and
faithful output. To incentivize the agents to seek an optimal consensus,
CIR3 builds upon the group’s decentralized graph to (1) capitalize on the
strengths inherent in centralized networks, and (2) incite the group towards
a shared and optimal solution (3.3).

10



3.3. Guiding Collective Cognitive Convergence

In addressing R..3, we take inspiration from the phenomenon of Collective
Cognitive Convergence (C3) |53, 54] and from How social network topology
can shape collective cognition [52]. C3 highlights that while convergence
facilitates mutual understanding and coordination, if left unchecked, it can
lead to cognitive collapse, by reducing the diversity of concepts to which
the group is exposed, hence limiting the group’s ability to explore other
viewpoints and generate new ideas.

In order to generate the optimal solution G*, CIR3 capitalizes on: (1) The
strengths of combining decentralized and centralized networks, where (a) the
information flow in the group of decentralized writers facilitates the preser-
vation of a wider range of G, which is amplified by the multi-perspective
analysis, and (b) the rate of convergence in the broader centralized network
(between (a) and the curmudgeon agent) facilitates a faster memory align-
ment of G*; (2) The curmudgeon agent as a mechanism for introducing
variation. Coupled with external evaluation tools (Figure 1 (5)), the curmud-
geon guides the writers towards a balanced collective convergence on the key
concepts within the document, while maintaining diversity in the output.

Combined with the benefits of CIR3’s hybrid topology, the cyclic process
of reflection and refinement, between the writers and the curmudgeon (Figure
1 (6), amplifies the collective intelligence, and enables collaborative knowl-
edge construction by sharing, discussing, and building upon each other’s
analysis, leading to a deeper understanding of the document. Additionally,
this approach offers a solution to mitigate the disadvantages inherent in both
centralized (potential loss of information) and decentralized (potential slow
convergence) networks.

Once the inner-refinement cycle reaches either an agreement or the pre-
defined maximum number of iterations, L, CIR3 is prompted to create a
separate record of the latest refined QA pairs, G~ = G*;. This state is
then passed to the outer-refinement cycle k, where the curmudgeon appends
its feedback F/; along G™;_; to the transactive memory, creating a central
memory state that evolves with each outer-iteration of refinement:

H={G 0.FNh)s s (G 12, Fli-1),(G*, D) by (3)

where @ denotes a satisfactory alignment between the curmudgeon and
the writers, which then routes the subsequent operation to the termination
phase, through the moderator, yielding the final output G* and halting the
generation process (Figure 1 (7).

11



The curmudgeon is equipped with an evaluation tool to help quantify-
ing the diversity of (a) generated questions, (b) generated answers, and (c)
concatenated answers and input context. A lower diversity score in (c),
combined with higher diversity scores in (a) and (b), would indicate high
faithfulness and better coverage of the input context. To achieve this, we use
Vendi Score® [56] as an evaluation tool for diversity, where the objective is
to minimize diversity in (c¢), while maximizing it in (a) and (b).

At each iteration k, the curmudgeon initially analyses G~ to reason about
the next action, whether to use the evaluation tool or to rely on its intrinsic
knowledge to provide feedback. The result is then added to ‘H (Equation 3),
which invokes another cycle of inner-refinements among the writers.

4. Experiments

This section presents an empirical evaluation of CIR3’s performance.
We begin by describing the datasets employed, followed by an overview of
the baselines used for comparison. Next, we detail the implementation of
CIR3, and finally, we discuss the evaluation metrics, which include statisti-
cal, encoder-based, and LLM-based approaches.

4.1. Datasets
While widely used QA datasets like MS MARCO [57] and Natural Ques-

tions [58] offer valuable resources, they fall short for our purposes due to
the lack of both in-domain and specialized QA datasets, as well as an insuf-
ficient coverage of comprehensive QA pairs per document. As a result, we
conduct our experiments exclusively on passages from two specialized finance
datasets: (1) FiQA [59]. This dataset® was used in the Financial Opinion
Mining and Question Answering challenge at the 2018 International World
Wide Web Conference. FiQA comprises 6,648 questions and 57,640 answer

5Vendi Score is a similarity-based diversity metric derived from quantum statistical
mechanics. It quantifies diversity while accounting for item similarity and not requiring
prevalence information. For CIR3, we employ SimCSE models [55] from Princeton as
foundational encoders for the Vendi score. Our implementation extends this setup to
include various embedders. Empirically, SimCSE produces scores in the range of 1 to 2,
with 1 indicating perfect similarity, typically observed between a given context and its
corresponding concatenated answers.

Shttps://huggingface.co/datasets/BeIR/fiqa

12
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passages. It was curated from financial posts on platforms such as Stackex-
change”, Reddit”, and StockTwits” between 2009 and 2017, with the objective
of developing QA systems that can address financial queries by leveraging
information from various sources such as micro-blogs, reports, and news ar-
ticles; (2) InsuranceQA [60] (InsurQA). This corpus® was sourced from
the Insurance Library” website, consists of 16,889 real-world user questions
and 27,413 corresponding answers written by professionals with extensive
domain knowledge in the insurance industry. For each dataset, a subset of
2000 passages is randomly chosen for our main experiments.

4.2. Baselines

Prior research in this area has used varied experimental setups and has
not focused on generating comprehensive sets of QA pairs from individual
documents. As a result, direct comparisons between these works are chal-
lenging. Therefore, we establish the following baselines for our study:

e LLM-DP: This baseline directly prompts META-LLAMA-3-70B-INsT!?
to generate QAs without explicit reasoning or tool utilization. It serves
as a measure of the LLM’s ground performance.

e qGen-aGen: In this pipeline, we employ QUERY-GEN-MS- MARCO-T5-
LARGE-V1 from the Benchmarking IR BEIR [61] to generate questions,
which are then fed into META-LLAMA-3-70B to produce corresponding
answers. This baseline assesses the LLM’s performance when guided
by an external query generation model.

4.3. CIR3 Implementation

We develop CIR3 using the LangGraph!! library. In selecting models, we
opt for the INSTRUCT versions of META-LLAMA-3-{70B,8B} due to their
outstanding performance. We set a temperature of 0.1 and a nucleus sam-
pling of 0.5. To streamline the inference process, we utilize Groq API'?,
which provides seamless integration. We also limit the number of generated

"https://stackexchange.com; https://stocktwits.com; https://reddit.com
8https://github.com/shuzi/insuranceQA
https://www.insurancelibrary.com/
Vhttps://ai.meta.com/blog/meta-1lama-3
Uhttps://langchain-ai.github.io/langgraph

2https://groq.com
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QAs to 10 pairs per context, and the number of refinement iterations K, L
to 6, 12, respectively.

In the current stage of our research, we focus on working with models
from the same Llama-3 family. However, we recognize the potential benefits
of exploring a heterogeneous setup in future research, as this could provide
valuable observations into the collaborative workflow in multi-agent settings.

4.4. Fvaluation Metrics

Automatic evaluation of generated text remains a challenge as traditional
metrics fail to align with human assessments. To address this limitation and
provide a more comprehensive and refined evaluation of CIR3, we augment
standard metrics with LLLM-based scores tailored to our specific use case.

Statistical Scorers. We first use ROUGE-L [62], METEOR [63], and Jac-
card Index [64] to calculate the scores between (1) the generated questions
Q and the context ¢ as reference, (2) the generated answers A and ¢, and (3)
Q and A. Then, we calculate the mean score over (1), (2) and (3), before
calculating the average scores over each evaluation dataset.

Encoder-based Scorers. Beyond the token overlap, we also use embedding-
based similarity metrics, such as BERTScore [65] and BAAI/BGE-LARGE-
EN-V1.5 (denoted with BGE score in this study). We measure the mean
semantic scores between (1) ¢ and Q, (2) ¢ and A, and (3) Q and A. To
assess the quality of QAs when considered collectively, we also include BGE
scores between (4) the concatenated questions Qg = @Y ,¢; and ¢, (5) the
concatenated answers Ag = @Y a; and ¢, and (6) Qg and Ag,.

LLM-based Scorers. To further quantify the comprehensiveness and faith-
fulness of the generated QA pairs, we adapt the G-EVAL [66] framework by
merging the task definition and evaluation criteria prompt with a Chain-
of-Thoughts (CoT) prompt [67] to specify detailed evaluation steps. This
modification provides greater control over the assessment process compared
to the original G-EVAL, where the LLM generates the CoT automatically.
We evaluate the comprehensiveness of G* based on coverage, depth, accuracy
and coherence. Similarly, we evaluate the faithfulness based on accuracy, ex-
aggeration, consistency, justification, plausibility, and misrepresentation. Ad-
ditionally, we retain the G-EVAL scoring function, which normalizes scores
using a weighted sum of token probabilities in LLM output. We also used
GPT-4 with the temperature set to 0 to ensure reproducibility.
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Further details on the metrics and score calculations employed in this
work are provided in Appendix A: Automatic Metrics.

5. Results and Observations

This section presents our experimental findings, covering key results, hu-
man evaluations, and ablation studies to assess the effect of multi-perspective
reasoning, and the impact of introducing variation.

5.1. Main Results
In all tables, the best-performing model is highlighted in bold, with the
second-best underlined.

Table 1: Evaluation results using standard metrics. 1 denotes significant differences
(p < 0.05) from a paired t-test between CIR3 and the best baseline LLM-DP.

METEOR ROUGE-L (F1 Scores) Jaccard Index
Dataset Model s(c, Q) s(e,A) s(QA)  Avg. | s(c, Q) s(e, A) s(Q,A)  Avg. | s(c,Q) s(e,A) s(Q,A)  Avg.
LLM-DP 0.1571  0.3068  0.2119  0.2252 | 0.1951 0.3189 0.2781  0.2640 | 0.4377 0.5286  0.4881 0.4847
FIQA QGEN-AGEN | 0.1288 0.3383  0.1613  0.2094 | 0.1771 0.4003 0.2690  0.2821 | 0.4161 0.5391 0.4703  0.4751
CIR3 0.1935 0.3791 0.2767 0.2830%f | 0.2153 0.3771  0.2893 0.2939 | 0.5511 0.6112 0.5983 0.5868t
LLM-DP 0.2422  0.3972  0.2717  0.3037 | 0.2877 0.4984 0.3447  0.3769 | 0.4784 0.5920 0.4987  0.5230
INSURQA | QGEN-AGEN | 0.1433  0.3134  0.1283  0.1949 | 0.1898 0.4903 0.2463  0.3088 | 0.3885 0.5749 0.4729  0.4787
CIR3 0.3197 0.4391 0.3632 0.3739%f | 0.2950 0.4891 0.3972 0.3937 | 0.5261 0.6716 0.6104 0.6027t

From Table 1, we observe that our approach outperforms both baselines
on both datasets in terms of lexical metrics. Notably, CIR3 exhibits a rel-
ative improvement of 6.39%, 2.33%, 9.08% on METEOR, ROUGE-L and
Jaccard Index, respectively, compared to the second best results. Although
the observed overlap might not suggest a high degree of similarity, it is im-
portant to consider the limitations of lexical metrics, which are inherently
less effective when evaluating generative tasks.

Table 2: Evaluation results using embedding-based metrics. T denotes significant differ-
ences (p < 0.05) from a paired ¢-test between CIR3 and the best baseline LLM-DP.

BERTScore (F1 Scores) BGE Semantic Similarity
Dataset Model s(c,Q) s(e,A) s(Q,A) Avg. | s(c.Q) s(c,A) s(Q.A)  Avg. |s(c,Qz) s(c,As) s(Qe.As)  Avg.
LLM-DP | 0.8415 0.8597 0.8701  0.8571 | 0.6858 0.6847 0.7872 0.7192 | 0.7548  0.8078 0.8488 0.8038
FIQA QGEN-AGEN | 0.8339 0.8617 0.8472  0.8475 | 0.6932 0.7051 0.7358  0.7113 | 0.7462 0.8087 0.8183 0.7910
CIR3 0.8702  0.9171  0.9088 0.8987t1 | 0.8312 0.8542 0.8115 0.8323 | 0.8291 0.9118 0.9264 0.88911
LLM-DP 0.8511 0.8810 0.8779  0.8700 | 0.7388 0.7540 0.8097  0.7675 | 0.8173 0.8948 0.8675 0.8598
INSURQA | QGEN-AGEN | 0.8282 0.8757 0.8472  0.8503 | 0.7231 0.7404 0.7344  0.7326 | 0.7708  0.8539 0.7487 0.7911
CIR3 0.8972 0.9298 0.9175 0.9148f | 0.7591 0.7736  0.8616 0.7980 | 0.8450 0.9395 0.9072 0.8972¢

Further analysis in Table 2 shows that CIR3 consistently surpasses other
models in semantic similarity metrics. CIR3 achieves an average improve-
ment of 4.30% on BERTScore and 7.18% on BGE compared to the second-
best model. This trend extends to contextual semantic similarity between the
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context and concatenated answers, suggesting that CIR3’s generated answers
are more faithful to the input text, potentially indicating lower hallucination
and improved comprehensiveness.

Table 3: LLM-based evaluation results for comprehensiveness and faithfulness.

Dataset Model Comprehensive Faithful | Avg.
LLM-DP 0.7169 0.8030 | 0.7599
FIQA QGEN-AGEN 0.5290 0.8414 | 0.6852
CIR3 0.9312 0.9762 | 0.9537
LLM-DP 0.7317 0.8175 | 0.7746
INSURQA | QGEN-AGEN 0.5560 0.8763 | 0.7161
CIR3 0.9389 0.9879 | 0.9634

These findings are further reinforced in Table 3 (LLM-based evaluation
results) where CIR3 improves comprehensiveness and faithfulness with av-
erage scores of over 21% and 17%, respectively, compared to the second best
model (LLM-DP). These results provide additional validation for Method 3.3
and Equation 1, wherein the curmudgeon, utilizing a diversity-based evalu-
ation tool, directs the generation of diverse QAs (Comprehensiveness) while
ensuring the alignment of the answers with the context (Faithfulness).

Interestingly, LLM-DP demonstrates superior performance compared to
QGEN-AGEN in all tests. This implies that the added query generator may
not be beneficial, possibly due to the limitations of the T5 [68] model in
uncovering deeper key concepts in financial documents.

Our analysis also reveals, in Tables 1 and 2, that CIR3’s questions are
significantly more aligned with the context compared to both baselines. This
indicates that the CIR3’s deep engagement with the input document helps
bridging the gaps in machine reading comprehension, which results in more
comprehensive and relevant question generation.

The results presented in Tables 1, 2, 3, provide compelling evidence of
the effectiveness of CIR3.

5.2. Human Evaluation

We further conduct human evaluation on 80 samples from the InsurQA
corpus and the corresponding generated QA pairs by CIR3 and LLM-DP.
We ask 8 experts in finance!? to assess 10 sets of QA pairs each, focusing on
comprehensiveness and faithfulness. Comprehensiveness is evaluated based

13Volunteers have 2 to 6 years of experience in the finance domain, all based in Europe
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on three aspects: coverage, depth, and coherence. Similarly, faithfulness is
assessed based on: accuracy, representation, and diversification. Each aspect
is scored on a scale from 1 (worst) to 5 (best).

Table 4: Human evaluation results on 80 sets of QA pairs generated by CIR3 and LLM-
DP. The ratings (1 to 5) are normalised between 0 and 1. The scores are analysed using
a paired t-test (p-values are presented).

Aspect LLM-DP CIR3 | p-value
Coverage 0.7875 0.9375 | 0.0033
Comprehensiveness Depth 0.7750 0.9125 | 0.0038
Coherence 0.7625 0.9250 | 0.0023
Avg. 0.7750  0.9250
Accuracy 0.7500 0.9125 | 0.0020
Faithfulness Representation 0.7875 0.9125 | 0.0042
Diversification 0.8250 0.8875 | 0.0104
Avg. 0.7875  0.9041

Table 4 shows the average scores and paired t-test results, aligning with
the findings in Table 3. CIR3 demonstrates significant improvement over
the baseline LLM-DP, with an increase of 15% on comprehensiveness and
11.66% on faithfulness.

5.3. Ablation Studies

To provide additional support for our hypotheses in H.2 and H.3, we

conduct an ablation study with two variations of CIR3:
(1) CIR3 w/o perspectives. Following [46], in this variation, we aim to
assess the impact of multi-perspective reasoning. We modify the moderator’s
prompt by removing the section that assigns diverse perspectives to the writer
agents. To ensure a fair comparison, we maintain the same number of writers
as in the original model (determined by the number of identified subtopics);
(2) CIR3 w/o Curmudgeon. In this variation, we disable the curmudgeon
agent to evaluate the effect of introducing external variation to the writer’s
sub-network.

For this study, we randomly select 200 samples, equally split between
both datasets, and capped the refinement cycles between writers at 12 for
each input. The results in Table 5 demonstrate that CIR3 surpasses the two
alternative variations. Nonetheless, both variations outperform the baseline
LLM-DP, providing some support for our hypotheses.

Effect of multi-perspective reasoning. Table 5 shows that CIR3 w/o
perspectives yields inferior results compared to CIR3, suggesting that multi-
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Table 5: Effect of multi-perspective reasoning and Curmudgeon on comprehensiveness and
faithfulness

Model Comprehensiveness Faithfulness — Avg.
LLM-DP 0.7399 0.8221 0.7810
CIR3 0.9451 0.9895 0.9673
CIR3 w/o perspectives 0.9115 0.9653 0.9384
CIR3 w/o Curmudgeon 0.8370 0.9046 0.8708
80+ EX] CIR3

[ CIR3 w/o perspectives
[ CIR3 w/o Curmudgeon

Processed Documents (%)
[ W & w [=2] ~
o (=] Q [=] o o
L | L L

,_.
o
L

[0.3] [4.6] [7.91 [10,12]

Figure 2: Number of inner-refinement cycles (z-axis), given as intervals, required to process
the input documents (y-axis), given as percentage.

perspective group debate contributes to a comprehensive and faithful output,
as proposed in H.2.

Effect of variation. Removing the disruptive signal, in CIR3 w/o Cur-
mudgeon, significantly impairs performance, reducing faithfulness by 8.49%
and comprehensiveness by 10.81%. This can be explained by examining the
number of refinement cycles (given as intervals) required to process the input
documents, as in Figure 2. Compared to CIR3, and CIR3 w/o perspectives,
CIR3 w/o0 Curmudgeon shows a significant increase in the number of contexts
falling within the refinement cycle ranges [0, 3] and [10, 12]. For the interval
0,3], CIR3 w/o Curmudgeon exhibits a 13.5% increase compared to CIR3
and an 8.5% increase compared to CIRS w/o perspectives. Similarly, for the
interval [10,12], CIR3 w/o0 Curmudgeon shows an 11% increase over CIR3
and a 6.5% increase over CIR3 w/o perspectives. This aligns with H.3, where
the absence of variation can result in either (1) a potential immature collec-
tive convergence (collapse) and loss of information, characterized by a small
number of iterations and potentially low comprehensiveness scores, or (2) a
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potential slow convergence, characterized by a large number of iterations and
a high likelihood of low faithfulness.

6. Conclusion and Future Work

This paper presented CIR3, a novel system for comprehensive and faith-
ful QAG from information-dense documents. A key contribution lies in ad-
dressing the more challenging QAG task compared to traditional QG, ef-
fectively navigating a constrained search space for unique and relevant QA
pairs. Notably, to the best of our knowledge, CIR3 is the first proposed
QAG approach employing multi-agent LLMs, orchestrating information flow
via transactive reasoning, multi-perspective assessment, and balanced collec-
tive convergence.

Our research demonstrates that integrating an external signal signifi-
cantly enhances convergence and diversity within the agent group, enabling
efficient agreement on comprehensive and faithful QA pairs representing core
text concepts, a crucial aspect of CIR3’s design. To improve alignment with
human evaluation, we developed a custom metric leveraging encoder and
LLM-based scores on individual and concatenated QA pairs, providing a
refined quality assessment. Empirical results confirm CIR3’s significant per-
formance gains over strong baselines.

Future work will explore CIR3’s modularity by integrating alternative
classification methods, such as fine-tuned encoder-based classifiers, to po-
tentially refine perspective selection. Further research will investigate het-
erogeneous multi-agent frameworks and expand CIR3’s applicability to di-
verse domains and tasks, including summarization, information retrieval, and
multi-modal applications.

Appendix A. Metrics

Appendixz A.1. Automatic Metrics

We provide a brief description of the metrics used in this study:

ROUGE-L |[62] assesses recall by evaluating the overlap between refer-
ence and generated sentences using Longest Common Subsequence statistics.
We use the implementation from GOOGLE. In this paper, we report the F1
score, the harmonic mean of precision and recall.

Yhttps://pypi.org/project/rouge-score
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METEOR [63] is a recall-oriented metric that measures the similarity
between generated and reference text, incorporating synonyms, stemming,
and paraphrasing. We use the implementation from NLTK®.

Jaccard Index'6[64] is a measure of similarity between two sets. It is
calculated as the size of their intersection (elements they share) divided by
the size of their union (total unique elements). Values range from 0 (no sim-
ilarity) to 1 (identical sets). We adopt SCIKIT-LEARN’s implementation'”.

BERTScore!® [65] uses contextual embeddings to assess word-level simi-
larity via cosine similarity, correlating with human judgment in sentence and
system evaluation, and providing precision, recall, and F'1 metrics.

BAAI/bge-large' is a high-performance sentence embedding model,
designed for semantic similarity tasks. It encodes text into dense vectors,
allowing similarity to be measured via cosine similarity between embeddings.

Appendix A.2. Score Calculations
We denote 5(67 Q)a S(Cv A)? 8(Q7A)7 S(Cv Q@)? S(Q A@)? and S(Q@,A@)

the scores between (context and questions), (context and answers), (ques-
tions and answers), (context and concatenated questions), (context and con-
catenated answers), and (concatenated questions and concatenated answers),
respectively. The scores are calculated as follows:

N
s Q=5 dslea) (A1 s(e,Qp) = s(e.oia)  (A4)

N
steA) = Yos(a)  (A2) Seds) = s(eaMia)  (AS)

1 N
QA= 2 slwa) (A3 o A @ aa) (A

where s is the scoring function and @ is the concatenation function.

Bhttps://www.nltk.org
https://en.wikipedia.org/wiki/Jaccard_index
"https://scikit-learn.org
Bhttps://github.com/Tiiiger/bert_score
Yhttps://github.com/FlagOpen/FlagEmbedding
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Highlights (for review)

o We propose CIR3, a novel framework for comprehensive and faithful QA generation.
o The efficient information flow of CIR3 enables in-depth document analysis.

o We employ transactive reasoning for deeper understanding in CIR3.

e Our approach's multi-perspective assessment ensures balanced views.

o CIR3's balanced collective convergence yields robust results.

e CIR3 improves QA comprehensiveness (+21) and faithfulness (+17)
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