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Abstract

Automated Question Generation (AQG) plays a crucial role
in enabling scalable assessment and personalized learning,
serving as a cornerstone of modern Intelligent Tutoring Sys-
tems (ITS). However, existing AQG systems, particularly
those built upon Large Language Models (LLMs), face a
significant cognitive ceiling in generating high-stakes, exam-
ready content for specialized domains like finance (e.g., CFA
Exams). They often produce linguistically fluent yet cogni-
tively shallow items that fall short of expert-level assessment
standards. Such standards demand precise alignment between
question difficulty and learning objectives, rigorous quantita-
tive reasoning, and the construction of non-trivial distractor
options that reflect common misconceptions.
To address these challenges, we propose Fin-Agent-QG, a
cognitive-collaborative multi-agent framework that emulates
the workflow of professional financial exam committees. Fin-
Agent-QG coordinates specialized agents for different cogni-
tive phases of question construction: a Teacher–Critic loop
for conceptual and difficulty alignment, a Quantitative Ana-
lyst Agent utilizing Code-as-Chain-of-Thought for computa-
tional reasoning, and a Knowledge Graph Construction Agent
with a Case Strategist for multi-concept integration via a Fi-
nancial Knowledge Graph.
Empirical evaluations by both LLM metrics and human ex-
perts demonstrate that Fin-Agent-QG produces exam-ready
financial questions with greater cognitive depth, accuracy,
and conceptual coherence than traditional AQG systems. This
work bridges the gap between automated generation and
expert-level financial assessment design.

1 Introduction
Automated Question Generation (AQG) plays a central role
in intelligent education systems, enabling scalable assess-
ment and personalized learning. In professional finance cer-
tification programs such as the Chartered Financial Analyst
(CFA) and Financial Risk Manager (FRM), question qual-
ity directly determines the validity of learning assessment.
These examinations assess advanced competencies in invest-
ment management and financial risk management, requir-
ing precise difficulty control, rigorous quantitative reason-
ing, and integration across multiple financial concepts. How-
ever, existing AQG systems remain inadequate for meeting
the demands of such professional examinations (Kurdi et al.
2019).

Early work on Automated Question Generation primar-
ily formulated the task as question generation given a tex-
tual context and an optional known answer. Most of the ap-
proaches relied on sequence-to-sequence neural models that
rewrote input sentences as questions. This research mainly
focused on general reading comprehension settings and was
evaluated on datasets such as SQuAD and NewsQA (Zhou
et al. 2017). Subsequent studies introduced mechanisms for
controlling question attributes such as relevance and diffi-
culty, particularly in educational and reading comprehension
settings. However, these approaches are typically grounded
in text-centric contexts and short-answer supervision, and
do not explicitly model the domain knowledge structures or
quantitative reasoning processes required in professional fi-
nancial assessments. As a result, their applicability to high-
stakes, calculation-intensive examinations remains limited.

The emergence of LLMs—such as GPT-4, Claude, and
Gemini—has shifted AQG from supervised learning to
instruction-following generation. LLMs are capable of con-
sistently generating clear and coherent questions (Biancini,
Ferrato, and Limongelli 2024), and demonstrate impressive
generalization across domains. However, LLMs struggle to
produce cognitively demanding, exam-ready content. Direct
prompting often generates questions that are factually cor-
rect but cognitively shallow, making them ineffective for
evaluating the analytical and reasoning skills of students
(Scaria, Chenna, and Subramani 2024).

Recent studies have explored self-refinement and multi-
agent paradigms, where multiple LLMs collaboratively gen-
erate, critique, and revise assessment content. These frame-
works attempt to emulate the cognitive workflow of pro-
fessional exam committees, which decompose the question
design into structured phases: defining learning objectives,
determining Bloom-level targets, selecting contexts, con-
structing distractors, and conducting final alignment reviews
(Chen et al. 2023). By distributing cognitive responsibilities
across specialized agents, such approaches aim to evaluate
and optimize item quality from complementary pedagogical
perspectives.

While this strategy improves overall coherence and qual-
ity assurance, it does not fully resolve the cognitive ceil-
ing inherent in LLM-based question generation. Accord-
ing to Bloom’s taxonomy, cognitive skills can be hierarchi-
cally categorized into six levels: Remembering, Understand-



ing, Applying, Analyzing, Evaluating, and Creating (Bloom
et al. 1956). Empirical evidence shows that LLMs excel at
generating low Bloom’s-level concept questions but strug-
gle with high-cognitive questions (Scaria, Dharani Chenna,
and Subramani 2024). In finance exams that require numer-
ical computation or multi-concept case analysis, even the
strongest LLMs exhibit cognitive ceiling effects. Overcom-
ing this limitation requires tools and specialized agents with
enhanced reasoning capabilities.

To bridge this gap, we propose Fin-Agent-QG, a cogni-
tive–collaborative multi-agent framework that orchestrates
multiple specialized agents to enhance the reasoning and
knowledge integration required for higher-order cognitive
question generation. The framework integrates multiple spe-
cialized agents to generate high-quality financial case prob-
lems: (1) a Teacher–Critic loop iteratively refines conceptual
relevance, difficulty, and distractor design; (2) a Quantita-
tive Analyst Agent models correct solution paths and com-
mon error patterns using Code-as-Chain-of-Thought reason-
ing to ensure deterministic calculations and realistic distrac-
tors; and (3) a Knowledge Graph Construction Agent with a
Case Strategist dynamically builds and navigates a Financial
Knowledge Graph (FKG), integrating cross-topic concepts
to generate coherent and contextually rich case scenarios.

Through this collaboration, Fin-Agent-QG synthesizes
linguistically fluent, cognitively deep, and pedagogically
aligned financial exam questions. Empirical evaluations by
both LLM metrics and human experts show that our frame-
work significantly improves the quality and cognitive fi-
delity of the question, addressing long-standing limitations
in AQG for professional financial examinations. Our key
contributions are as follows:

• We identify and empirically characterize the cognitive
ceiling in LLM-based AQG systems applied to financial
examinations.

• We introduce Fin-Agent-QG, a novel multi-agent archi-
tecture that decomposes question generation into distinct
cognitive sub-processes, integrating specialized agents
for numerical reasoning and contextual case study prob-
lems.

• We demonstrate, through quantitative and qualitative
evaluations, that Fin-Agent-QG produces expert-level
exam items with superior reasoning depth, accuracy, and
conceptual integration.

2 Related Work
2.1 Neural Question Generation
Pioneering work in Neural Question Generation (NQG)
primarily utilized sequence-to-sequence (Seq2Seq) archi-
tectures, which map an input text to an interrogative se-
quence. These models, often based on Recurrent Neural Net-
works (RNNs) with attention mechanisms, were trained to
minimize cross-entropy loss on large-scale datasets where
context-question pairs were available (Du, Shao, and Cardie
2017). While effective at capturing syntactic transforma-
tions, this paradigm treated question generation as a mono-
lithic text-to-text task, lacking explicit control over seman-

tic or pedagogical properties. To introduce a degree of con-
trol, subsequent methods incorporated answer information,
for example, by using pointers or special tokens to guide
the decoder in generating questions relevant to a specific an-
swer span(Song et al. 2018). Despite these enhancements,
the core limitation remained: the models’ performance was
fundamentally tied to the quality and scope of the super-
vised training data, which typically consisted of general-
domain corpora like SQuAD. As surveyed by Pan et al.
(2019), this dependency on datasets lacking domain-specific
nuances and complex reasoning patterns made NQG meth-
ods ill-suited for specialized fields such as finance (Pan et al.
2019).

2.2 LLM-based Question Generation
The advent of Large Language Models (LLMs) instigated
a paradigm shift from supervised fine-tuning to in-context
learning via the following of instructions (Ouyang et al.
2022). Initial applications demonstrated that models such as
GPT-2 could perform zero-shot question generation. This
was achieved by leveraging the pre-trained knowledge of
the models to formulate relevant questions without task-
specific training (Radford et al. 2019). However, this direct
prompting approach offers limited control over the cogni-
tive complexity and pedagogical quality of the output. To
address this, more advanced techniques have been proposed.
One prominent method is iterative self-refinement, in which
an LLM is prompted to critique and revise its own gener-
ated questions based on a set of predefined quality criteria
(Madaan et al. 2023). While this improves linguistic quality,
it does not inherently impose a structured, pedagogically-
grounded generation process. A more structured approach
involves multi-agent frameworks, which decompose the QG
task into distinct functional roles. For example, systems such
as AgentFarm simulate a collaborative workflow with ”gen-
erator”, ”evaluator”, and ”refiner” agents, each governed by
specific instructions to collectively enhance the quality of
the questions(Chen et al. 2023). Our work builds upon this
multi-agent concept but specializes the agents for the dis-
tinct reasoning challenges in finance.

2.3 Enhancing LLM Reasoning
To overcome the inherent limitations of LLMs in tasks that
require high-level cognition as categorized by Bloom’s Tax-
onomy (Bloom et al. 1956), research has focused on aug-
menting them with structured reasoning tools. For quantita-
tive tasks, which are prevalent in finance, the Program-Aided
Language Models (PAL) approach has proven effective (Gao
et al. 2023). This technique prompts the LLM to generate
code (e.g., Python script) as an intermediate reasoning step.
By offloading the computational logic to a deterministic
code interpreter, PAL ensures numerical accuracy and makes
the reasoning process transparent and verifiable. For tasks
requiring complex conceptual integration, such as financial
case studies, another line of research integrates LLMs with
Knowledge Graphs (KGs). Recent surveys have shown that
KGs provide structured and symbolic representations of en-
tities and their relationships. When augmenting an LLM’s
generation process with a KG, it effectively grounds the



generation process, mitigating hallucinations and enabling
multi-hop reasoning across disparate concepts (Pan et al.
2024). Fin-Agent-QG synergistically combines both code-
based reasoning and KG-guided context generation, creating
specialized agents that address these two distinct modes of
high-cognitive financial reasoning.

3 Methodology
This section details the architecture of Fin-Agent-QG, a
cognitive-collaborative framework designed to emulate the
rigorous, multi-stage workflow of human financial exam
committees. We first formalize the problem of cognitively-
grounded question generation and then present the design of
our specialized generation agents, each tailored to a distinct
category of assessment items. The overall system architec-
ture is illustrated in Figure 1.

3.1 Problem Formulation
The primary objective is to generate a pedagogically ro-
bust assessment item Q—consisting of a question stem q,
a correct answer acorrect, and a set of plausible distractors
{adistractor,i}ki=1 (Biancini, Ferrato, and Limongelli 2024).
The generation process is conditioned on a specific financial
concept c and a set of pedagogical constraints P = {b, t},
where b denotes the target cognitive depth on Bloom’s Tax-
onomy (e.g., Apply, Analyze) and t specifies the question
type (e.g., conceptual, computational, case-based).

The core challenge is to accurately model the conditional
probability distribution p(Q | c,P), ensuring that the gener-
ated Q is factually correct and pedagogically effective. Ex-
isting approaches using monolithic LLMs typically treat this
as a single-pass text generation task. Such methods often
fail to fully capture the structure and constraints within P ,
resulting in assessments that are cognitively shallow and/or
flawed. Our framework overcomes this limitation by decom-
posing the task into specialized, structured generation pro-
cesses, each designed to maintain alignment with the desired
cognitive and pedagogical objectives.

3.2 Conceptual Question Generator
For Conceptual Question Generation, the workflow is or-
ganized as a two-agent iterative dialog between a Teacher
and a Critic. The Teacher functions as a professional fi-
nancial content generator: given a concept c and a Bloom’s
Taxonomy level b, it produces a single, grounded multiple-
choice question (MCQ) including question, options, cor-
rectAnswer, hints, explanation. Teacher outputs must: (1)
be explicitly anchored to retrieved concept material or few-
shot examples; (2) provide exactly three mutually exclusive
options with an exact string match for correctAnswer; (3)
include 1–3 progressive, scaffolded hints; and (4) supply
option-level explanations.

The Critic acts as an objective evaluator that inspects
grounding, Bloom alignment, clarity, option quality, hint
progression and explanation completeness, and then issues a
keep/revise decision together with concise, actionable feed-
back and integer scores for relevance, importance, clarity,
difficulty matching and answerability. During each feedback

Algorithm 1: Iterative Refinement Process for Conceptual
Question Generation
Input: Financial concept c, pedagogical constraints P
Output: Pedagogically grounded MCQ Q∗

1: Initialize Teacher Agent T and Critic Agent C.
2: Retrieve domain-relevant materialsDc and few-shot ex-

amples Ec.
3: t← 0.
4: repeat
5: Qt ← T (c, b,P,Dc, Ec) {Teacher generates

grounded MCQ including question, options, cor-
rectAnswer, hints and explanation}

6: Ft ← C(Qt) {Critic evaluates along grounding, clar-
ity, Bloom alignment, and pedagogical quality}

7: if Ft.decision = ”keep” then
8: Q∗ ← Qt

9: break
10: else
11: T ← T.revise(Ft) {Teacher refines question using

structured feedback}
12: end if
13: t← t+ 1
14: until t ≥ Tmax or convergence criterion met
15: return Q∗

round, the Teacher revises the MCQ according to the Critic’s
guidance, enabling iterative improvement of the factual fi-
delity and pedagogical fit for the target concept c and Bloom
level b.

Formally, the generation process can be viewed as an iter-
ative refinement of a conditional distribution:

Q(t+1) = fteacher

(
c,P, feedback(t)critic

)
,

where the teacher updates the question Q at round t+1 based
on critic feedback feedback(t)

critic, and P = {b, t} denotes the
pedagogical constraints. Experimentally, we varied the num-
ber of interaction rounds T ∈ [2, 5] to examine the conver-
gence behavior of the refinement process. We formalized the
interaction between the teacher and critic agents as an itera-
tive refinement process, as shown in Algorithm 1. This pro-
cess repeats for T rounds, allowing the model to converge
towards a higher-quality, pedagogically aligned assessment
items.

3.3 Calculation Question Generator
In the Calculation Question Generator, we adopt a schema-
and execution-constrained design, in which reasoning chains
are formalized as executable code to ensure high numeri-
cal determinism in financial calculation problems. This ap-
proach not only mitigates common drift or errors in arith-
metic reasoning by large language models but also ensures
that each computational step is traceable and verifiable. Each
problem includes: (i) a fully specified natural language ques-
tion stem, such as cash flow discounting, interest rate con-
version, or portfolio weight calculation; (ii) four fenced
Python code blocks, where Code 1 implements the cor-



Figure 1: Overall architecture of the proposed Fin-Agent-QG framework, illustrating the collaborative workflow among spe-
cialized agents.

rect solution and reflects the reasoning chain, and Codes 2–
4 instantiate typical error patterns (e.g., misapplied com-
pounding/discounting, percentage unit confusion, or incor-
rect weight summation); and (iii) optional hints and expla-
nation sections. With this design, each option’s numerical
value can be directly obtained via code execution, preserv-
ing transparency and verifiability.

The generation pipeline, reflecting programmatic reason-
ing principles, consists of four main stages:

1. Retrieval-augmented conditioning: Relevant passages
are fetched from a financial concept store to provide con-
sistent terminology, numeric ranges, and regulatory or
ethical context, reducing drift. For example, cash flow
discounting problems retrieve discount rate definitions,
while interest rate conversion problems fetch nominal vs.
effective rate definitions.

2. Controlled prompting: Bloom parameters control rea-
soning depth and computational complexity, while
prompts enforce question structure and output con-
straints. Each Python block becomes an executable rea-
soning chain—for instance, portfolio allocation prob-
lems demonstrate full computation or simulate common
calculation errors.

3. Structured decoding and execution: Outputs are
mapped to a schema-constrained representation, with
each code block executed independently to produce de-
terministic numerical options. Externalizing reasoning as

code ensures precision and traceability.
4. Validation and normalization: Option counts and labels

are enforced, answer–explanation alignment checked,
and numeric plausibility verified (e.g., discount ranges,
portfolio weights summing to 1). Minor issues are cor-
rected deterministically; major violations trigger con-
strained regeneration.

Difficulty is controlled via parameter ranges, computa-
tional steps, and distractor types. Apply-level problems focus
on single-formula calculations, while Analyze-level prob-
lems involve multi-step pipelines (rate conversion → cash
flow transformation→ discounting) with contrastive distrac-
tors targeting common misconceptions.

This design produces financial calculation problems that
are structurally sound, cognitively calibrated, and numeri-
cally deterministic. Encoding reasoning chains as executable
code preserves educational value while ensuring reliability
and verifiability.

3.4 Case Study Generator
Conditioned on a target concept c and constraint set P =
{b, t = case-based}, the case study module generates a
scenario-driven assessment Qcase under explicit structural
and cognitive controls. The output is a structured object
Qcase =

(
S, {(qi,Ai, acorrect,i, Ei)}4i=1

)
, where S is a self-

contained scenario, qi are four scenario-based questions,
Ai = {ai,A, ai,B , ai,C , ai,D} are option sets with canoni-



cal A/B/C/D labeling, acorrect,i ∈ {A,B,C,D} are correct
answers, and Ei are concise evidence-based explanations.

We adopt a knowledge-graph-driven approach to select
the most coherent and relevant set of concepts for each
case study. Initially, textbook content is parsed into a struc-
tured Financial Knowledge Graph (FKG) containing enti-
ties and relationships, a process performed by a specialized
Knowledge Graph Construction Agent. Building upon
this graph, a Case Strategist Agent dynamically traverses
the graph to combine multiple related knowledge nodes,
synthesizing a coherent, integrated scenario that aligns with
realistic financial contexts.

Based on the resulting subgraph, agents generate a self-
contained scenario and a series of related conceptual and
computational questions, forming the core of the scenario-
driven assessment. This design ensures that the generated
case study is conceptually grounded, cognitively structured,
and faithfully reflects the domain knowledge encoded in the
FKG.

Compared to simple concepts-based generation, this
knowledge-graph-driven approach ensures that case study
items are coherent and diverse, reflecting both pedagogical
and assessment objectives in financial education.

4 Experiments
4.1 Data
To provide domain-grounded knowledge for our multi-agent
question generation framework, we construct a comprehen-
sive corpus based on official Chartered Financial Analyst
(CFA) materials. Specifically, we parse a total of twenty
textbooks covering both Level I and Level II CFA curric-
ula (ten volumes each). The textbooks serve as the primary
knowledge base from which financial concepts and their
contextual content are derived.

We leverage the hierarchical bookmark structure embed-
ded in the PDF documents to extract the title organization of
each textbook. Each textbook is represented as a hierarchi-
cal tree, where the first-level nodes correspond to chapters,
the second-level nodes to subsections, and, in some cases,
the third-level nodes to subsubsections. Formally, this struc-
ture can be expressed as a directory tree T = {chapter →
subsection→ subsubsection}. We define the set of concepts
C as the set of all leaf nodes in T . In other words, if a subsec-
tion contains subsubsections, each subsubsection is treated
as an independent concept; otherwise, the subsection itself
becomes a concept. This design ensures that each concept
represents the smallest pedagogically meaningful unit in the
textbook hierarchy.

For each concept c ∈ C, we parse the PDF metadata
to obtain its starting and ending page numbers, and extract
the corresponding text span as its content segment. The re-
sulting parsing yields 1,875 concepts for Level I and 936
concepts for Level II. These content segments serve as the
domain knowledge foundation fed into the Fin-Agent-QG
framework, enabling the Teacher and Critic agents to op-
erate over grounded, contextually relevant materials rather
than unstructured text.
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Figure 2: Bloom difficulty distribution for Level I concept
questions.

In addition to the textbooks, we collect five sets of mock
examination papers for both Level I and Level II. The origi-
nal mock questions contain the fields question text, options,
answer, and topic. Based on these, we further annotate con-
cept and bloom difficulty to enrich the dataset. These mock
questions are used as few-shot examples to calibrate diffi-
culty estimation, align generated questions with real exam
styles, and support the evaluation of question quality under
authentic testing conditions. The detailed statistics of these
materials are summarized in Table 1. Figure 2 shows the
Bloom difficulty distribution for Level I concept questions.

4.2 Evaluation Metrics
Evaluating Automatic Question Generation (AQG) systems
presents unique challenges, particularly due to the lack of
standardized benchmark datasets and the inherent subjectiv-
ity of human assessments. While traditional Natural Ques-
tion Generation (NQG) metrics, such as BLEU and ROUGE,
provide automated evaluation based on n-gram overlap and
text similarity, these measures primarily capture surface-
level textual correspondence. They fail to account for ped-
agogical qualities critical for high-quality professional ex-
amination items, including coherence, conceptual relevance,
and precise alignment with pre-specified difficulty levels.

Recent studies have highlighted these limitations and
proposed alternative evaluation frameworks, such as G-
Eval, which leverage large language models (e.g., GPT-4)
as reference-free evaluators for tasks like summarization,
demonstrating higher alignment with human judgments (Liu
et al. 2023). However, some literature also indicates that
LLM-based evaluation methods may still exhibit bias and
do not always perfectly correlate with expert human scoring
across broader domains (Stureborg, Alikaniotis, and Suhara
2024).

In this study, our goal is to generate high-quality profes-
sional test items that require pedagogical rigor; therefore,
traditional metrics such as BLEU are insufficient. Follow-
ing established practices, we adopt a prompt-engineering
approach to evaluate the quality of each generated item
across multiple dimensions, assigning score from 1 (severely



Level Question Count Type Distribution Major Topics (Top 3) Top Concepts (Top 3)

L1 900
Calculation: 178
Concept: 722
Case: 0

ETH: 135
FSA: 110
FI: 110

Screening for Potential Equity Investments (51)
Projecting Future Financial Performance (20)
Aggregate Demand and Aggregate Supply (17)

L2 110
Calculation: 0
Concept: 0
Case: 110

ETH: 15
FSA: 15
FI: 14

–

Total 1010
Calculation: 178
Concept: 722
Case: 110

ETH: 150
FSA: 125
FI: 124

–

Table 1: Summary of CFA question dataset used for domain knowledge and evaluation.

flawed) to 10 (excellent, nearly flawless) based on the fol-
lowing criteria (Karbasi et al. 2025).

• Relevance: Measures whether the question aligns with
the provided content and specified topic.

• Importance: Assesses whether the question tests a key
concept emphasized in the source material.

• Clarity: Evaluates if the question is unambiguous, con-
cise, and easy to understand.

• Difficulty Matching: Determines whether the question
appropriately corresponds to the target Bloom’s taxon-
omy level.

• Answerability: Checks if the learner can answer the
question using only the information provided in the ques-
tion and options.

To examine the alignment between our scoring approach
and expert judgment, we additionally asked finance profes-
sionals to rate each item along the same core dimensions.
For numerical questions, experts provided supplementary
scores for Numerical Soundness and Distractor Plausibil-
ity, while for case study questions, additional ratings were
collected for Case Coherence and Case Diversity to assess
whether the scenarios are coherent, contextually integrated
and consistent with real-world financial practice.

4.3 Experimental Design
To evaluate the effectiveness of the proposed Fin-Agent-QG
framework, we construct a controlled experiment using a cu-
rated set of mock questions that reflect the typical composi-
tion of a CFA-style examination. Specifically, we select 50
concept-based questions, 25 numerical (calculation) ques-
tions, and 25 case study questions as the ground truth, main-
taining a ratio that closely mirrors real-world CFA exam dis-
tributions. For each concept question, we extract the associ-
ated concepts, relevant content, and Bloom difficulty levels
as agent inputs. This setup allows direct comparison with
both the ground truth and the authentic testing environment.
The total number of generated questions across all exper-
iments includes 200 concept questions (3 baselines + our
method, each generating 50), 50 numerical questions (for
one ablation study), and 50 case study questions (for another
ablation study).

The core experiments include the following:

Experiment 1: Concept Question Generation. This ex-
periment compares Fin-Agent-QG with three baselines to
assess overall question quality. Baseline 1 (Zero-Shot) em-
ploys GPT with only the teacher agent prompt and con-
tent, without few-shot examples. Baseline 2 (Few-Shot) uses
GPT with the teacher agent prompt and content, incorporat-
ing few-shot examples to guide generation. Baseline 3 (Sin-
gle Expert Agent) adopts a single complex prompt that em-
beds both the teacher and critic agent logic within one agent.
Each method, along with Fin-Agent-QG, generates corre-
sponding concept questions, and results are compared with
the original human-authored items. Evaluation includes both
automated and human assessments. For automated evalua-
tion, an LLM serves as the evaluator, scoring each question
on five dimensions—Relevance, Clarity, Importance, Diffi-
culty Matching, and Answerability—on a scale from 1 to
10. For human evaluation, one to two finance experts rate
a subset of 30 questions using the same criteria, enabling
agreement analysis between expert and LLM evaluations.

Experiment 2: Ablation Study on Quantitative Ana-
lyst Agent. This experiment examines the necessity of the
“code-as-chain-of-thought” design for generating numerical
questions. We compare two configurations: Fin-Agent-QG
with the Quantitative Analyst agent versus Fin-Agent-QG
without it, where a conventional teacher agent with numer-
ical question prompts is used instead. Performance is eval-
uated in terms of Numerical Soundness, Distractor Plausi-
bility, and Overall Average Score. Given the potential limi-
tations of current large language models in reliably judging
high-level cognitive tasks, we rely solely on human experts
to provide these scores as the definitive gold standard.

Experiment 3: Ablation Study on Case Study Agents.
To validate the advantage of the KG-driven Case Synthe-
sis approach over a conventional teacher-driven baseline, we
conduct an ablation study on case study question generation.
We compare two versions of Fin-Agent-QG: the full model
(including the Knowledge Graph agent and Case Strategist)
and a reduced variant in which both agents are removed and
replaced by a standard Teacher Agent that generates cases
solely from a list of concepts. Evaluation introduces two ad-
ditional dimensions—Case Coherence and Diversity—to as-
sess whether generated cases are logically consistent, con-
textually integrated, and aligned with realistic financial sce-
narios; human experts provide scores for these dimensions.



Generation Method Evaluator Relevance Clarity Importance Difficulty Matching Answerability Overall Average

Baseline 1 (Zero-shot) Human Expert 8.53 8.47 8.27 7.33 9.13 8.35
Baseline 1 (Zero-shot) LLM 8.88 8.52 9.02 7.85 9.42 8.74
Baseline 2 (Few-shot) Human Expert 8.60 8.33 8.40 7.60 9.07 8.40
Baseline 2 (Few-shot) LLM 9.04 8.29 8.81 7.52 9.21 8.57
Baseline 3 (Single Expert) Human Expert 8.73 8.67 8.67 7.8 9.27 8.63
Baseline 3 (Single Expert) LLM 9.50 8.62 9.42 7.94 9.65 9.02
Fin-Agent-QG (Our Method) Human Expert 8.93 8.93 8.87 7.93 9.33 8.80
Fin-Agent-QG (Our Method) LLM 9.52 8.71 9.52 8.17 9.77 9.14
Ground Truth Human Expert 8.60 8.53 8.60 7.93 9.13 8.56
Ground Truth LLM 8.56 7.88 8.33 7.0 8.54 8.06

Table 2: Comparison of different question generation methods. Best LLM scores and best Human Expert scores are in bold.

Model Configuration Evaluator Numerical Soundness Distractor Plausibility Overall Average

Fin-Agent-QG (w/o Quantitative Analyst) Human Expert 4.90 4.44 4.45
Fin-Agent-QG (Full w/ Quantitative Analyst) Human Expert 10.00 6.60 8.30
Ground Truth Human Expert 10.00 5.70 7.85

Table 3: Ablation study on the Quantitative Analyst Agent. Best Human Expert scores are in bold.

Model Configuration Evaluator Case Coherence Case Diversity Overall Average

Fin-Agent-QG (w/o KG & Case Strategist) Human Expert 6.90 6.80 6.85
Fin-Agent-QG (Full w/ KG & Case Strategist) Human Expert 8.60 7.80 8.20
Ground Truth Human Expert 8.70 8.90 8.80

Table 4: Ablation study on the Case Study Agents. Best Human Expert scores are in bold.

4.4 Results and Discussion
Experiment 1: Concept Question Generation Table 2
shows that Fin-Agent-QG outperforms all baseline models
in concept question generation, achieving the highest over-
all LLM scores and demonstrating superior coherence, ped-
agogical relevance, and Bloom-aligned difficulty. Baseline
comparisons indicate that single expert agents improve over
zero- and few-shot teacher-only models, highlighting the im-
portance of self-reflection prompt design. However, in com-
parison, decomposing the generation into specialized agents
and executing multiple rounds of self-refinement provides
further improvements in question quality.

For model-generated questions, human and LLM evalu-
ations are generally consistent, reflecting reasonable agree-
ment between automated metrics and expert judgment. In-
terestingly, LLMs tend to assign lower scores to ground
truth questions compared to humans, who rate them higher
than zero- and few-shot baselines. This gap likely arises be-
cause LLM evaluations focus on surface-level criteria, such
as Bloom-level difficulty, without fully capturing deeper
knowledge connections and reasoning requirements.

Experiment 2: Ablation Study on the Quantitative Ana-
lyst Agent Table 3 shows the results of an ablation study
evaluating the effect of the Quantitative Analyst (QA) agent
on question quality. When the QA agent is removed, the
overall human expert scores drop significantly. In contrast,
the full Fin-Agent-QG system with the QA agent achieves
the highest scores, surpassing even the ground truth ques-

tions in overall quality.

These results demonstrate that the QA agent plays a cru-
cial role in ensuring numerical correctness and generating
plausible distractors. Without this agent, questions may still
be linguistically coherent but lack quantitative rigor, high-
lighting the importance of task-specific specialization within
the multi-agent framework.

Experiment 3: Ablation Study on the Case Study Agent
Table 4 presents the results of an ablation study evaluat-
ing the impact of the Knowledge Graph and Case Strate-
gist Agent, on the quality of generated case study questions.
When both KG and Case Strategist are removed, the over-
all human expert score drops significantly. In contrast, the
full Fin-Agent-QG system that incorporates both modules
achieves substantially higher scores, reflecting notable im-
provements in both the logical coherence of cases and the
diversity of scenarios.

Unlike the results observed for concept and quantitative
questions, the ground truth case studies achieve the high-
est scores in case study questions. This proves the cogni-
tive ceiling effect for LLM-generated questions. Nonethe-
less, our multi-agent approach with KG and Case Strategist
significantly narrows the gap, demonstrating that structured
guidance and task-specific reasoning can markedly enhance
the quality and pedagogical value of generated case studies.



5 Conclusion
We present Fin-Agent-QG, a cognitive-collaborative multi-
agent framework that overcomes the limitations of ex-
isting LLM-based AQG systems in higher-order cogni-
tive financial questions. By coordinating Teacher–Critic,
Quantitative Analyst, and Knowledge Graph Construction
agents, Fin-Agent-QG generates exam-ready questions with
enhanced cognitive depth, computational correctness, and
multi-concept integration. Empirical evaluations show sig-
nificant improvements in accuracy, coherence, and pedagog-
ical quality, bridging the gap between automated generation
and expert-level financial assessment.
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