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Abstract

Recent studies in difficulty-controlled read-
ing comprehension item generation have lever-
aged large language models (LLMs) to produce
items by adjusting difficulty-related features.
However, existing methods typically rely on
a single-agent prompting approach, which of-
ten fails to consistently satisfy specified fea-
ture constraints, resulting in items that devi-
ate from the target difficulty level. To address
this limitation, we introduce MAFIG, a Multi-
agent Framework for Feature-constrained Item
Generation, where multiple LLM agents and
feature-specific evaluators collaborate to gen-
erate and iteratively revise items based on in-
tended constraints. Furthermore, to verify the
efficacy of MAFIG in difficulty control, we
propose a method for constructing a sequence
of feature constraint sets that yield items with
monotonically increasing difficulty. Experi-
mental results demonstrate that MAFIG gen-
erates items that adhere to target constraints
at a significantly higher rate than baselines,
achieving robust difficulty control through the
difficulty-calibrated constraint sequence.

1 Introduction

Reading comprehension (RC) items are crucial in
both language education and proficiency assess-
ment. With the continuing expansion of e-learning
and computer-based testing, there is a substantial
need for methods that can automatically generate
high-quality items encompassing a broad spectrum
of difficulty levels. Recent studies have confirmed
that large language models (LLMs) can generate
linguistically fluent and pedagogically sound RC
items (Xiao et al., 2023; Bezirhan and von Davier,
2023; Lee et al., 2024; Mucciaccia et al., 2025).
Nevertheless, the fine-grained control over item dif-
ficulty using LLMs remains largely underexplored.

Prior research on difficulty control for RC item
generation primarily follows two paradigms. The
first approach utilizes statistical frameworks, such

The Bishop looked at him coldly and said, “Take it or leave it!!” Literally, there was
nothing else to do. He was caught in a machine. But Sojourner was not easily excited or
upset and said quite calmly: “Let's go and see what it's like.” Annisberg was about
seventy-five miles west of Birmingham, ...

Source Document
S Q)
* Vocabulary level: CEFR B1-B2
Lv.7 « Passage length: medium
* Sentence length: long

Lv.6

Option A e Factuality: false

Lv.5 * Reasoning complexity: single-sentence paraphrasing
Option B e Factuality: false

Lv.4 * Reasoning complexity: single-sentence inference
Option C e Factuality: false

Lv.3
* Reasoning complexity: single-sentence paraphrasing

Lv.2 Option D Factuality: true
* Reasoning complexity: single-sentence inference

Difficulty-calibrated Feature Constraint Sequence

Feature Constraints

Q. According to the passage, which of the following statement is true?

Wilson arrived in Annisberg and visited the old African Methodist Episcopal Church for
the first time, a wooden building in need of repair but well-known in the town. The group
of people gathered for Sunday service, and Wilson gave a short speech, trying to speak to
the people and share his background. However, when he mentioned the name of the old
preacher, the Amen corner reacted strongly. ...

A. Wilson was confident in his role in the community.

B. Most people in the audience were very impressed by the new leader.

C. Wilson felt comfortable as the group showed intense emotion.

D. Wilson believed the church required major repairs to continue being used for services.

Figure 1: Example of feature-constrained difficulty
control in multiple-choice RC item generation.

as item response theory (IRT) (Lord, 1980), to as-
sign difficulty parameters and subsequently train
difficulty-aware generative models (Uto et al.,
2023; Tomikawa and Uto, 2024; Tomikawa and
Masaki, 2024). Although this approach enables
psychometrically calibrated control, it necessitates
substantial learner response data and suffers from
limited scalability across diverse item formats. In
parallel, educational measurement research has
long investigated difficulty-related item features
through item difficulty modeling to guide human
item writers in crafting items with targeted diffi-
culty levels (Ferrara et al., 2022). Building on
this, the second paradigm involves manipulating
these features—such as Bloom’s cognitive levels
(Bloom et al., 1956) or linguistic attributes like
word count and vocabulary level—to modulate dif-
ficulty (Elkins et al., 2023; Hwang et al., 2024; Yaa-
coub et al., 2025; Chen and Shiu, 2025; Oka et al.,
2025). While the robust instruction-following capa-
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bilities of LLMs offer promise in this direction, ex-
isting methods largely rely on direct prompting or
stochastic sampling. Consequently, they often fail
to adhere to specified feature constraints, thereby
undermining the reliability of difficulty control.

To bridge this gap, we propose MAFIG, a
Multi-Agent framework for Feature-constrained
Item Generation. MAFIG is designed to gen-
erate RC items that strictly conform to multi-
dimensional feature specifications as illustrated in
Figure 1. The framework operates through a col-
laborative system of role-specialized LLM agents
and feature-specific evaluators. By leveraging an
iterative refinement process, these agents incorpo-
rate both external domain knowledge (e.g., stan-
dardized vocabulary levels) and their internal rea-
soning capabilities to ensure rigorous constraint
satisfaction. While MAFIG is designed for precise
adherence to feature constraints, translating this
capability into systematic difficulty control neces-
sitates a constraint sequence that predictably yields
items across escalating difficulty levels. Toward
this end, we further propose a methodology for con-
structing difficulty-calibrated constraint sequences,
integrating pedagogical principles with empirical
verification to ensure a monotonic progression of
item complexity.

We evaluate the proposed framework against
two baseline approaches: (1) Level-based control,
where the LLM generates items based on coarse-
grained difficulty indicators (e.g., Level 1 to N)
relying solely on its internal heuristics; and (2)
Feature-based direct prompting, where the LLM is
instructed to satisfy all feature constraints within
a single-pass generation. Our experimental results
demonstrate that MAFIG achieves state-of-the-art
performance in both constraint satisfaction and dif-
ficulty calibration. Notably, we find that baselines
lacking an iterative revision process struggle to
satisfy multi-dimensional constraints, leading to in-
consistent difficulty alignment—even when lever-
aging frontier reasoning models such as GPT-5
(OpenAl, 2025).

Our contributions are summarized as follows:

* We introduce MAFIG, a multi-agent frame-
work that systematically generates RC items
that strictly adhere to multi-dimensional fea-
ture constraints.

* We propose a novel methodology for con-
structing difficulty-calibrated constraint se-
quences, enabling the generation of RC items

with consistently distinguishable and ordered
difficulty levels.

* Through extensive experiments, we demon-
strate that MAFIG significantly outperforms
baselines in both constraint satisfaction and
difficulty calibration. Our results suggest that
adherence to fine-grained item features may
play an important role in achieving more reli-
able difficulty control.

2 Related Work

LLM-based Item Generation and Evaluation.
Recent advancements in LLLMs have facilitated
the zero-shot synthesis of test items across diverse
pedagogical domains. Without task-specific fine-
tuning, LLMs are capable of producing linguis-
tically coherent and semantically rigorous ques-
tions (Elkins et al., 2023; Bezirhan and von Davier,
2023; Lee et al., 2024). Beyond generation, con-
temporary research has explored the role of LLMs
as evaluative agents to verify answerability, factual
consistency, and distractor quality (Séauberli and
Clematide, 2024; Mucciaccia et al., 2025). Fur-
thermore, LLLMs have been employed as simulated
students to analyze item difficulty and pedagogical
alignment (Lu and Wang, 2024; Park et al., 2024).
Collectively, these studies underscore a paradigm
shift where LLMs serve as multifaceted compo-
nents—both as generators and evaluators—within
automated assessment pipelines.

Difficulty-Controllable Item Generation. Early
endeavors in difficulty-controllable generation pri-
marily relied on large-scale datasets labeled with
difficulty parameters, often derived from IRT (Lord,
1980) or other pedagogical criteria (Gao et al.,
2018; Uto et al., 2023; Tomikawa and Uto, 2024
Tomikawa et al., 2024). However, such data-
driven methods are costly and frequently lack in-
terpretability regarding the latent factors driving
item difficulty. Consequently, recent research has
pivoted toward prompt-based control, where tar-
get item types and difficulty levels are specified via
natural language instructions. In particular, prompt-
ing LLMs through cognitive taxonomies—such as
Bloom’s levels (Bloom et al., 1956)—has been
widely explored to align generated items with spe-
cific reasoning demands (Li and Zhang, 2024; Yaa-
coub et al., 2025).

Despite their promise, Bloom-level prompting
often exhibits inconsistent control over reasoning
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depth (Elkins et al., 2023; Hwang et al., 2024).
Furthermore, given the difficulty variance within
identical cognitive levels and the predominance of
lower-level cognitive tasks (i.e., Remember and
Understand) in high-stakes tests (Baghaei et al.,
2020), it is evident that such taxonomies are insuffi-
cient for achieving fine-grained calibration. While
some recent studies have attempted more granular
feature control (Chen and Shiu, 2025; Oka et al.,
2025), they lack a systematic mechanism for refin-
ing items when LLMs fail to strictly satisfy speci-
fied constraints. Our work bridges this gap by in-
troducing a multi-agent framework that iteratively
revises items to ensure rigorous adherence to the
feature constraints necessary for precise difficulty
control.

Constraint-Satisfaction Generation with LLM
Agents. Recent advancements have repositioned
LLMs as autonomous agents capable of assum-
ing diverse roles. By integrating mechanisms
such as strategic planning, self-reflection, inter-
agent collaboration, and tool-augmented reasoning,
these agents can navigate complex tasks and sat-
isfy intricate, user-defined objectives (Yao et al.,
2022; Shinn et al., 2023; Madaan et al., 2023;
Talebirad and Nadiri, 2023). Such frameworks
have demonstrated substantial efficacy in various
constraint-satisfaction tasks, including controllable
summarization (Ryu et al., 2024; Retkowski and
Waibel, 2025) and chart generation (Li et al., 2025).
However, despite these technical strides, the ap-
plication of multi-agent collaboration to educa-
tional assessment—where linguistic, factual, and
cognitive constraints must be satisfied simultane-
ously—remains an underexplored frontier. Our
work bridges this gap by extending the multi-agent
constraint-satisfaction paradigm to the domain of
RC item generation.

3 Method

3.1 Task Formulation

In this study, we focus on the multiple-choice fac-
tual information (MCFI) format, where test-takers
must identify statements that are factually consis-
tent with a given reading passage. Specifically, we
define an item as a triplet comprising a reading
passage, a question stem (e.g., “According to the
passage, which statement is true?”’), and a set of op-
tions. Our framework generates an item by taking
a source document—which dictates the core con-
tent—and a set of feature constraints that determine

the target difficulty level as inputs. Drawing upon
established literature that investigates difficulty-
related attributes (Bormuth et al., 1970; Anderson,
1972; Park, 2004; Rafatbakhsh and Ahmadi, 2023),
we formalize six feature variables that govern ei-
ther cognitive demand or item validity: vocabulary
level, passage length, average sentence length, rea-
soning complexity, factuality, and neutrality. De-
tailed definitions and the operationalization of these
features are provided in Appendix A.

3.2 MAFIG

As illustrated in Figure 2, MAFIG synthesizes
multiple-choice RC items through two sequential
stages: Passage Generation and Option Generation.
Each stage incorporates a closed-loop generation
and revision mechanism that produces the target
component—either the passage or the set of op-
tions—while strictly adhering to the specified fea-
ture constraints. In the primary stage, a passage is
generated conditioned on the source document and
passage-level constraints. This generated passage
subsequently serves as the context for the option
generation stage. In this second phase, the frame-
work produces options that satisfy option-level con-
straints. The revision process is performed itera-
tively until all constraints are met or the predefined
maximum iteration threshold is reached.

Evaluator. The Evaluator consists of a suite
of specialized modules designed to quantify
specific feature variables within the generated
item. This component integrates rule-based mod-
ules—leveraging off-the-shelf NLP toolkits—with
LLM judges for features requiring semantic un-
derstanding. By measuring the item’s attributes,
the Evaluator assesses whether the specified con-
straints are satisfied, and generates a comprehen-
sive error report that identifies each violation. De-
tailed information is provided in Appendix A.

Drafter. The Drafter synthesizes the initial item
stateg given the source context and targeted feature
constraints. This agent samples multiple indepen-
dent candidates to facilitate parallel revision, en-
abling more efficient exploration of the solution
space and allowing for early termination.

Planner. Conditioned on the current state;, the
corresponding error report;, and a revision mem-
ory containing plans from previous iterations, the
Planner formulates a strategy to revise the item.
This memory mechanism allows the Planner to
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synthesize revision strategies informed by the his-
tory of past modification attempts, thereby avoid-
ing redundant or ineffective edits (Zhang et al.,
2023; Shinn et al., 2023). To further enhance the
robustness of this process, we introduce a Cre-
ativity Enhancement Prompting strategy. Specif-
ically, if a particular constraint remains unsatis-
fied for ¢ consecutive iterations, the Planner is in-
structed to shift from incremental adjustments to
more radical revision strategies—such as excising
problematic segments and regenerating them from
scratch—thereby breaking the cycle of stagnation.

Following this strategic determination, the plan-
ner: (1) selects the optimal agent to invoke—either
the Reworder or the Editor—based on the nature of
the violation, and (2) generates a granular instruc-
tion specifying the necessary modifications. In the
option generation stage, where multiple options are
processed concurrently, the Planner further desig-
nates which specific option requires intervention
and provides tailored instructions.

Reworder. The Reworder is specifically tasked
with enforcing vocabulary-level constraints, a crit-
ical requirement in language proficiency assess-
ments. Given that vocabulary regulations often vary
across testing organizations and target languages,
relying solely on the LLM’s internal heuristics is
insufficient for ensuring rigorous alignment. To
address this, we incorporate a retrieval-augmented

@ and _.@'—@_.@_.E —)Eand—'

Refiner Passage

Action 1. Call Editor or All Constraints Satisfied

Option Generation Stage

B\ | 423
— B @
\SsY, c @
. 0 e=D
Passage Constraints  Generation i
Options

& Revision Loop
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generation (RAG) (Lewis et al., 2020) that enables
the Reworder to revise items by cross-referencing
an external, level-specific vocabulary database.
The Reworder takes as input the context, the
state;, the target vocabulary level, and the instruc-
tion from the Planner; during option generation,
it additionally receives the target option. The re-
wording process follows a three-step pipeline: (1)
the Reworder suggests contextually appropriate al-
ternatives for the level-violating words, (2) a rule-
based retriever assigns a vocabulary level to each
candidate based on the external database, and (3)
the Reworder replaces the problematic terms with
selected alternatives that align with the permitted
level range. In cases where no valid replacements
are available, the Reworder notifies the Planner
that satisfying the current constraint is infeasible.
Finally, the agent returns the updated state;1, ac-
companied by a message detailing any linguistic
bottlenecks encountered during the process.

Editor. The Editor revises the item to satisfy all
constraints except the vocabulary level. It takes as
input the context, state;, the set of constraints, and
the Planner’s instruction; during option generation,
it additionally receives the target option, and finally
returns the revised state; 1.

'The Editor is unable to accurately assess item features,
such as sentence length and reasoning complexity. In our
preliminary experiments, inaccurate self-evaluations from the
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Refiner. After the iterative revisions, the gener-
ated passages are passed through the Refiner. The
Refiner is prompted to make minimal revisions that
improve readability and inter-sentence coherence.

3.3 Difficulty-Calibrated Feature Constraints

While MAFIG facilitates the synthesis of RC items
that adhere to specified feature constraints, achiev-
ing fine-grained difficulty control necessitates a
difficulty-calibrated feature constraint sequence—a
sequence of constraints designed to yield items
with monotonically increasing difficulty. Ideally,
such a sequence should be constructed through
psychometric analysis. However, this approach re-
quires an extensive corpus of items with granular
feature variations coupled with large-scale learner
response data, and such resources are currently not
publicly available. To address this limitation, we
propose an alternative methodology that integrates
theoretical calibration with empirical verification.

Firstly, we construct initial constraint sets by in-
crementally adjusting individual feature variables
in the direction of increasing cognitive demand.
However, because subtle shifts in cognitive com-
plexity do not guarantee a perceptible change in
empirical difficulty, we filter these candidates to
ensure that only feature sets yielding consistently
distinguishable difficulty are included in the final
sequence. For this purpose, we generate RC items
for each candidate feature set using MAFIG. We
then perform pairwise difficulty estimation using
an LLM judge (Raina and Gales, 2024) to evaluate
the difficulty alignment between items generated
under constraint pairs with adjacent theoretical dif-
ficulty levels.

A stochastic comparison operator D takes an
ordered item pair (Q;, @;) as input and returns a
comparative judgment (i.e., 1 or —1) derived via
Chain-of-Thought (CoT) (Wei et al., 2022) prompt-
ing:

1,if Q; ~ Qj

1
—Lif Q; > Qs W

D(Q:, Q5) = {

where > denotes the “more difficult than” rela-
tion. To mitigate positional bias and ensure relia-
bility, we conduct symmetric comparisons across
N stochastic inferences. The Difficulty Alignment

Editor were found to introduce noise, confusing the Planner
during subsequent revisions. Consequently, the Editor is re-
stricted from sending feedback messages to the Planner.

Score (DAS) is computed as:

Sasary + 50 ()
2N ’

2
D(”)(Qi, ;) and x&n) =
DM (Q j, Qi) denote the forward and reversed com-
parison outcomes for the n-th stochastic sample,
respectively, and ranges from —1 to 1. We retain
only constraint pairs whose score exceeds a pre-
defined threshold p. From these validated pairs,
we identify the optimal constraint sequence that
exhibits a strictly monotonic increase in difficulty.

DAS(Qi, Q) =

n)  _
where Ty =

4 Experiments

4.1 Implementation Details

We derived an eight-level difficulty-calibrated fea-
ture constraint sequence from 16 initial candidate
sets by setting p = 0.4 and N = 4, yielding 8
stochastic inferences in total. Comprehensive de-
tails regarding the calibrated sequence are provided
in Appendix C.

We employed Qwen3-32B (Team, 2025) in non-
reasoning mode to power all LLM agents within
MAFIG. The decoding parameters were config-
ured with top-p = 0.8, top-k = 20, and a tem-
perature of 0.7. During the initial drafting phase,
the number of parallel candidates was set to 5.
The maximum iteration rounds for passage and
option generation were capped at 20 and 100, re-
spectively. In cases where no candidate achieved
full constraint satisfaction within the maximum al-
lowed rounds, the framework returned a randomly
selected candidate from the final pool. Our code
and generated items are publicly available at our
GitHub repository.> Prompt templates used in our
experiments are provided in Appendix I.

4.2 Dataset

We utilized source documents from the Brown Cor-
pus via the NLTK library. We randomly sampled
40 documents spanning 10 distinct genres: news,
editorial, reviews, lore, government, fiction, mys-
tery, science fiction, adventure, and romance. Only
the first 50 sentences of each text were used as the
source document for item generation. This selec-
tion results in a total of 320 generated items (40
source documents x 8 difficulty levels).

Zhttps://github.com/SeonjeongHwang/mafig
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4.3 Method Comparison

Since no existing method generates items at a fine-
grained difficulty level in a zero-shot manner, there
is no direct baseline for comparison. Neverthe-
less, we construct baselines grounded in the single-
pass prompting strategy adopted by most prior
work (Elkins et al., 2023; Li and Zhang, 2024;
Hwang et al., 2024; Yaacoub et al., 2025; Chen
and Shiu, 2025), based on two distinct granularities
of difficulty control:

Level-based Control. The model is instructed to
calibrate difficulty based on an abstract scale. We
utilize two CoT-based prompting strategies: (i) Di-
rect Prompting, where the target level is explicitly
specified (e.g., "Generate a level 3 question on a
scale of 1-8"), and (ii) Incremental Prompting,
which recursively generates a level ¢ item condi-
tioned on the level 5 — 1 item.?

Feature-based Control. The model is prompted
to satisfy specific feature constraints correspond-
ing to a target difficulty level. Here, we examine
whether rigorous constraint satisfaction enhances
calibration robustness by comparing (i) Direct
Prompting, which targets predefined features in
a single-turn generation, and (ii)) MAFIG, which
employs a multi-agent revision loop until all con-
straints are met. We mainly used two different
LLMs: Qwen3-32B in non-reasoning mode and
GPT-5 with reasoning effort configured to medium.

4.4 Evaluation Metrics

We evaluate the performance of each item gen-
eration method across three key dimensions: (1)
Constraint Satisfaction, (2) Difficulty Calibration,
and (3) Item Quality. An overview of each metric
follows, with formal definitions and mathematical
formulations provided in Appendix B.

(1) Constraint Satisfaction. This dimension
quantifies the extent to which generated items ad-
here to the specified constraints. The Success Ra-
tio (SR) measures the proportion of items that sat-
isfy all target constraints simultaneously, while the
Achievement Ratio (AR) computes the average
fraction of individual constraints successfully met
per item.

3In incremental prompting, level 1 items serve as initial
pivots. Higher-level items are then generated recursively; for
fair evaluation, we compare item pairs derived from distinct
pivot items.

(2) Difficulty Calibration. We assess the
model’s ability to control difficulty through the Dif-
ficulty Alignment Score (DAS), which evaluates
whether items intended for higher difficulty levels
are empirically more challenging, and is derived
from both LLM judges and human experts. The
score ranges from —1 to +1, where +1 indicates
perfect monotonic alignment, 0 signifies inconsis-
tent or negligible differences, and —1 represents a
complete reversal of the intended difficulty order.
Additionally, we report the Complete Alignment
Ratio (CAR), defined as the proportion of item
pairs where a consensus of human experts confirms
that the observed difficulty aligns with the intended
level.

(3) Item Quality. This dimension ensures that
the generated items maintain high linguistic and
logical standards. Validity evaluates the generated
RC items in terms of their answerability, the cor-
rectness of the generated answer against the real
answer, and the logical and semantic independence
among options. This is measured via an LLM judge
using G-Eval (Liu et al., 2023) on a three-point
scale (1-3). Furthermore, we evaluate the Coher-
ence and Fluency of the generated passages using
UniEval (Zhong et al., 2022), with scores normal-
ized between 0 and 1.

5 Results

5.1 Automatic Evaluation

MAFIG effectively generates RC items satisfy-
ing feature constraints. As summarized in Ta-
ble 1, MAFIG consistently outperforms all base-
line methods in feature-based difficulty control,
achieving a SR of 92.29%. This result demon-
strates the framework’s capability to generate items
that strictly adhere to a multi-dimensional con-
straint set. In contrast, Direct Prompting with
Qwen3-32B fails to produce a single item that satis-
fies all constraints simultaneously, and even GPT-5
rarely achieves full compliance. However, an anal-
ysis of the AR reveals that Direct Prompting does
not entirely disregard instructions; Qwen3-32B and
GPT-5 meet over half and three-quarters of the con-
straints on average, respectively. These findings
imply that while LLMs can partially incorporate
feature-based instructions during single-pass gen-
eration, they struggle with the simultaneous opti-
mization of multiple constraints. A case study of
constraint satisfaction failures in MAFIG is pro-
vided in Appendix G.
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Difficulty Control Method SR AR DAS Validity ~ Coherence  Fluency
Granularity etho %) (%) | 1,11 | [1,3] [0, 1] [0, 1]
DirectqQwen3—32B - - 0.1037 | 2.6371 0.9355 0.9280
Level-based Directgpr—5 - - 0.2949 | 2.9816 0.9332 0.9408
Incrementalqwen3—328 - - 0.1804 | 2.5605 0.9332 0.9408
Incrementalgpr—5 - - 0.2750 | 2.9637 0.9348 0.9309
DirectQwen3—32B 0.00 59.10 | 0.2759 2.6094 0.9368 0.9393
Feature-based Directgpr—5 250 77.81 | 0.4952 | 29105 0.9094 0.9241
MAFIGQwen3—328 92.29 99.32 | 0.5226 | 2.9242 0.9518 0.9429

Table 1:

performance of each metric is in bold. Statistics of DAS are reported in Appendix D.

Difficulty Alignment Score Distributions (Histogram + KDE)
Direct (Qwen3-32B)

Direct (GPT-5)

MAFIG (Qwen3-32B)

Automatic evaluation results on diverse difficulty-controllable item generation methods. The best
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Figure 3: Distribution of Difficulty Alignment Scores assigned by human evaluators.

DAS CAR
Method -1, 1] (%)
Directheng,wB 0.2817 42.86
Directgpr—5 0.4722 57.14
MAFIGQwenz—328  0.6190  76.19

Table 2: Human evaluation results. A statistically sig-
nificant positive correlation was observed between the
LLM judge and the human expert ratings (Spearman’s
p = 0.34, p < 0.001) in Difficulty Alignment Score.

Calibrating RC difficulty remains challenging
for LLMs. Level-based control methods consis-
tently yield lower DAS compared to their feature-
based counterparts. For Qwen3-32B, both Direct
and Incremental Prompting under the level-based
setting fail to surpass a score of 0.2. In contrast,
even the Direct Prompting under feature-based con-
trol achieves a higher score of 0.276, despite an AR
of only 59.1%. A similar trend is observed with
GPT-5, which remains below 0.3 in level-based
scenarios but reaches 0.495 under feature-based
control. These results underscore that fine-grained
difficulty calibration is challenging for even state-
of-the-art LLMs when using abstract level descrip-
tions. However, explicit feature specification sub-
stantially enhances calibration consistency.

Precise constraint satisfaction drives supe-
rior difficulty alignment. MAFIGQwen3—328
achieves both the highest AR (99.32%) and the

highest DAS (0.5226), whereas Directqwen3—32B
shows the lowest performance in both metrics
(59.10% and 0.2759, respectively). Although
GPT-5 relies solely on Direct Prompting, it sat-
isfies 77.81% of the feature constraints on aver-
age, resulting in a higher alignment score than
Directqwen3—328. These results suggest that ac-
curately satisfying difficulty-calibrated feature con-
straints leads to more reliable difficulty alignment,
and that achieving such precise constraint satis-
faction requires the iterative revision process of
MAFIG.

5.2 Human Evaluation

We further conducted human evaluation with three
domain experts. We sampled six random source
document pairs for each consecutive difficulty level
and assessed corresponding RC item pairs gener-
ated by three different methods.* More details are
provided in Appendix E.

As illustrated in Figure 3, a large proportion
of item pairs generated by MAFIGQwen3—32B
achieved DAS above 0.5. In contrast, while base-
lines rarely exhibited reversed alignment, many of
their pairs fell within the -0.5 to 0.5 range. This
indicates that items at adjacent levels were often
indistinguishable in difficulty to human experts.

*Among the evaluated item pairs, 65.9% received consis-
tent ratings from all three annotators on the question of which
item is more difficult.
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Furthermore, MAFIGqQyen3—328 achieved a CAR
of 76.19%, which is substantially higher than that
of Directgpr_5 (57.14%; see Table 2). Overall,
these results demonstrate that the proposed frame-
work can generate item pairs exhibiting perceptible
differences in difficulty across fine-grained levels.
They also suggest that when a model fails to sat-
isfy the specified feature constraints, it struggles to
establish distinct cognitive demands between adja-
cent difficulty levels, thereby limiting its calibration
accuracy. Evaluators also identified the difficulty
factors driving the differences within each item pair.
These factors are further analyzed in Appendix H.

6 Analysis

6.1 Limitations of Direct Prompting with
Multiple Sampling

We investigated the constraint satisfaction perfor-
mance of Direct Prompting using multiple sam-
pling. Figure 4 illustrates the SR and AR across
different numbers of sampling trials (1, 5, and 10)
for Qwen3-32B (non-reasoning) and GPT-5 (rea-
soning). Increasing the number of sampling tri-
als generally improved both SR and AR. GPT-5
achieved notably high performance, with AR ap-
proaching 90% in both passage and option gen-
eration. However, the performance gain sharply
diminished when increasing the sampling times
from 5 to 10 compared to the increase from 1 to
5. This suggests that while stochastic sampling
can enhance the likelihood of obtaining partially
constraint-compliant items, alone remains insuf-
ficient to ensure full constraint satisfaction. This
result underscores the necessity of explicit revision
mechanisms. The feature-wise analysis is covered
in Appendix F.

6.2 Model Generalization and Impact of
Parallel Revision

We further evaluated the generalization capabil-
ity of MAFIG across diverse backbone LLM:s:
Qwen3-32B, Mistral-Small-24B (Mistral. Al, 2025)
and Phi-4-14B (Abdin et al., 2024). This experi-
ment also examined the impact of parallel revision,
where n item drafts (with n € {1,5}) are sampled
and revised in parallel until any single draft fully
satisfies the constraint.

As shown in Figure 4, in passage generation, all
models except Phi-4-14B achieved a SR of nearly
100% within 20 rounds, albeit with different con-
vergence speeds. In contrast, option generation

— 32B/n=1)  — Direct (GPT-5/n=1)  —— MAFIG (Phi4-14B/n=1) MAFIG (Mistral-24B/n=5)
28/n=5)  ---- Direct (GPT-5/n=5)  ---- MAFIG (Phi4-14B/n=5)  —— MAFIG (Qwen3-32B/n=1)

Direct (Qwen3-328/n=10) MAFIG (Mistral-24B/n=1)  ---- MAFIG (Qwen3-32B/n=5)
Passage - Success Ratio Option - Success Ratio
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Figure 4: Constraint satisfaction performance under
different numbers of sampling trials (n).

proved more challenging: with only a single draft
(n = 1), all models except Qwen3-32B failed to
surpass a 60% SR, even after 100 revision rounds.
This may be attributed to the reasoning complexity
features controlled during option generation, which
are more challenging to control than surface-level
features.

When the number of initial candidates was in-
creased to n = 5, all models achieved 100% suc-
cess, converging substantially faster—passage gen-
eration typically terminated within five rounds. For
option generation, Qwen3-32B required roughly
half the number of revision rounds compared to
the single-draft setting. Interestingly, performing
parallel revisions on multiple drafts using lighter
models (Mistral-small-24B and Phi-4-14B) yielded
higher overall constraint satisfaction than revising
a single draft using the larger Qwen3-32B model.
This advantage is likely due to the diversity in re-
vision paths across drafts, where different initial
drafts require distinct modifications to satisfy the
constraints.

6.3 Ablation Study

We conducted an ablation study to assess the con-
tribution of three strategies—Planner’s Instruction,
Reworder’s Message, and Creativity Enhancement
Prompting—to the iterative revision process in
both passage and option generation (Figure 5).
When the Planner’s instruction mechanism was
removed and sub-agents (Reworder and Editor) re-
vised items solely based on error reports, we ob-
served a substantially slower convergence in option
generation. Similarly, disabling the Reworder’s
feedback message and the creativity enhancement
mechanism also resulted in slower convergence. In
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Figure 5: Ablation results showing the effect of Plan-
ner’s instruction, Reworder’s message, and Creativity
Enhancement on Success Ratio convergence across re-
vision rounds.

contrast, the passage generation process showed
minimal performance differences across ablation
settings; in fact, replacing the Planner’s instruc-
tion with direct error reports occasionally led to
slightly faster convergence. In summary, while
these auxiliary mechanisms did not substantially
affect surface-level revisions in passage generation,
they proved critical for accelerating convergence
in option generation, where more complex seman-
tic and reasoning-based revisions are required to
satisfy the constraints.

7 Computational Cost

Unlike baseline methods based on single-pass
prompting, MAFIG employs an iterative revision
process to ensure that the generated RC items
strictly adhere to multifaceted feature constraints.
While this approach guarantees high-fidelity item
generation, it inherently introduces a significant
computational overhead compared to non-iterative
methods. Figure 6 illustrates this trade-off by com-
paring the cumulative output tokens against the SR
(at n = 1) for both passage and option genera-
tion stages. In passage generation, the framework
demonstrates relatively efficient convergence, with
90% of cases satisfying all linguistic and struc-
tural constraints within 10 rounds at a cost of ap-
proximately 20K cumulative tokens. In contrast,
option generation requires a much more intensive
search process to satisfy fine-grained distractor con-
straints; achieving about 90% SR can necessitate
up to 100 rounds, resulting in an accumulated token
count exceeding 130K.

These results acknowledge that the substan-
tial overhead and associated latency may render
MAFIG less suitable for real-time applications or
large-scale deployments where instantaneous item
generation is required. Nevertheless, the necessity
of our iterative framework remains evident because,

—— #OutputTokens == Success Ratio

Passage Generation
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Figure 6: Success Ratio and the number of cumulative
output tokens across revision rounds in MAFIG.

as discussed in Section 6.1, repeated single-pass
sampling often fails to converge on a valid solution
that satisfies all complex feature constraints simul-
taneously. Furthermore, in high-stakes environ-
ments such as standardized language assessments
or national-level examinations, difficulty calibra-
tion and adherence to pedagogical constraints take
precedence over cost efficiency. In such contexts,
the increased computational cost can be a justi-
fiable trade-off for the reliability and constraint
satisfaction guaranteed by our framework.

8 Conclusion

In this study, we introduced MAFIG, a multi-agent
framework for feature-constrained RC item gener-
ation. MAFIG coordinates role-specialized LLM
agents in conjunction with feature-specific evalua-
tors to iteratively generate, assess, and revise RC
items, ensuring strict adherence to all designated
feature constraints. To complement this framework,
we proposed a method for constructing a difficulty-
calibrated sequence of feature constraint sets, inte-
grating theoretical insights from educational mea-
surement with empirical verification. Experimental
results demonstrated that our framework achieved
substantially higher constraint satisfaction rates
and exhibited superior difficulty alignment perfor-
mance, as validated by both LLM-based and human
expert evaluations.

Limitations

Scope of Item Formats and Difficulty Fac-
tors. Our experiments focus on a single
item format—multiple-choice factual information
(MCFI) questions—and a fixed set of difficulty-
related features. Item difficulty is influenced by a
wide range of factors, and the relative importance
of these factors varies across item formats. We se-
lected MCFI items because they represent a canon-
ical RC format in which both surface-level features
and reasoning-related features jointly contribute
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to cognitive load. In addition, passage topic and
question type were treated as controlled variables
to isolate fine-grained difficulty variation within a
homogeneous setting.

Consequently, while our findings may not di-
rectly generalize to other RC formats, the pro-
posed framework is not inherently restricted to
MCEFI items. Extending the framework to alter-
native formats would primarily require defining
additional feature evaluators and incorporating cor-
responding descriptions into agent prompts, though
the two-stage passage—option generation structure
might necessitate adaptation depending on the tar-
get format. Nevertheless, this study is valuable
as the pioneering effort to showcase how LLM-
based multi-agent frameworks can be leveraged for
feature-constrained item generation and subsequent
fine-grained difficulty control.

Lack of Psychometric Validation Against Ex-
aminee Performance. In educational measure-
ment research, a range of difficulty-related item
features have been identified and used as practical
guidelines for item writers to produce questions
at a desired difficulty level (Ferrara et al., 2022).
Building on this practice, our framework generates
RC items conditioned on feature constraints corre-
sponding to a target difficulty range, and evaluates
difficulty alignment through expert judgments —
that is, from a prior difficulty perspective based on
linguistic and cognitive item features, rather than
on observed examinee performance.

Consequently, the generated items are not psy-
chometrically calibrated in an absolute sense: their
difficulty has neither been validated against student
error rates nor evaluated in terms of item response
patterns. While the framework is intended as a
practical support tool for item writers, future work
should incorporate empirical validation through
examinee response data to establish psychometric
grounding for the difficulty levels produced by our
framework.

Computational Cost and Latency. The pro-
posed multi-agent framework incurs additional
computational cost due to its iterative revision pro-
cess. While our experiments show that the number
of revision rounds is typically limited, this over-
head may still pose challenges in large-scale or
time-sensitive deployment scenarios. As such, the
framework is most suitable for settings where relia-
bility and precise difficulty control are prioritized
over minimal generation cost.

Reliance on Feature Definitions and Evaluator
Quality. The effectiveness of MAFIG depends
on the quality of feature definitions and evalua-
tors. Because difficulty control is achieved through
explicit feature constraints, inaccuracies or ambigu-
ities in feature specifications—or erroneous predic-
tions by the evaluators used to measure them—can
affect the reliability of constraint satisfaction and
difficulty alignment. In particular, some features,
such as reasoning complexity, rely on LLM-based
evaluators, which may introduce noise or bias. This
dependency reflects a broader limitation of feature-
based item design, even as it offers greater trans-
parency and interpretability in how difficulty is
operationalized.
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A Feature Definitions and
Feature-Specific Evaluators

We employ six feature variables: four features con-
trol the cognitive demand of the item—vocabulary
level, passage length, average sentence length, and
reasoning complexity—while two ensure valid-
ity—factuality and neutrality among options. Fea-
tures with continuous values are discretized into
categorical ranges: passage length € {short (5-10
sentences), medium (11-20 sentences), long (21—
30 sentences) }, average sentence length € {short
(<10 words), medium (10-15 words), long (15-20
words)}. Vocabulary level is divided into CEFR-
based bands—{A (A1-A2), B (B1-B2), C (Cl-
C2)}. The reasoning complexity of each option is
classified into five levels: {single-sentence word
matching, single-sentence paraphrasing, single-
sentence inference, multi-sentence inference, not
enough information} (Lai et al., 2017; Hwang et al.,
2025). Finally, factuality can take values {true,
false, not given}, and neutrality must be maintained
to ensure that all options are logically independent
and collectively valid.

The Evaluators comprise off-the-shelf NLP
toolkits and LLM judges. Passage length and sen-
tence length are computed using NLTK (Loper and
Bird, 2002) library, while vocabulary level is de-
termined by the highest CEFR level among the
words contained in a passage or an option. Fol-
lowing Hwang et al. (2025), we evaluate the rea-
soning complexity of each option along two sub-
dimensions, Evidence Scope and Transformation
Level, using CoT prompting with self-consistency
decoding (Wei et al., 2022; Wang et al., 2022),
achieving Macro F1 scores of 69.0 and 70.8, re-
spectively. We use the same strategy to assess the
factuality and neutrality of options. These LLM-
based evaluations were conducted using Qwen3-
32B (Team, 2025) in non-reasoning mode.

B Evaluation Metrics

Success Ratio. The SR measures the proportion
of items that satisfy all target constraints simulta-
neously. Formally, given a source document S' and
a feature constraint set C' = {(X;,z;)}M,, where
each feature variable X; is assigned a target value
x;, We generate an item () whose passage is com-
posed based on the content of S while satisfying all
feature constraints specified in C. The generation
is considered successful if all constraints in C' are

satisfied as follows:

Success(Q¢)

3
=1[Vie {l,...,M}, Ex,(Qc) = =], ®

where Ex, () denotes the evaluation function that
measures the realized value of the feature variable
X for the generated item.

In our experiments, an item generation task is
considered successful if at least one of the n paral-
lel drafts satisfies all target constraints. Constraint
satisfaction was verified using the same automated
evaluators integrated within MAFIG.

Achievement Ratio. To capture partial success,
we measured the proportion of feature constraints
satisfied by the generated item. Formally, this is
calculated as the percentage of satisfied constraints
in set C":

S I[Ex (Qe) = i)
M

x 100 “)

This metric reflects how closely a generated item
aligns with the target specifications even when full
satisfaction is not achieved. When multiple par-
allel candidate items are generated (n > 1), we
report the results based on the item achieving the
maximum AR.

Difficulty Alignment Score. The DAS measures
whether the given item pairs, which has the adja-
cent levels, have the difficulty order corresponding
to the intended order. We report the average DAS
that are measured for the item pairs sampled from
the adjacent difficulty levels (level-¢ and level-i+1)
from the identical source documents.

For evaluation using LLM judges, we adopted
the pairwise comparison method defined in Equa-
tion 2. GPT-5-mini (OpenAl, 2025) served as the
difficulty evaluator, with sampling parameters set
to N = 4, temperature 1.0, and top-p 1.0. A score
near 1 indicates that the method can perfectly cali-
brate item difficulty. Conversely, a score near —1
implies that the method consistently controls diffi-
culty in reverse of the intended order; that is, the
item generated for Level ¢ is perceived as more
difficult than the one generated for Level ¢ + 1. A
score of 0 signifies that the LLM judge exhibits low
confidence, resulting in inconsistent outputs.

In the evaluation with human experts, we sim-
ilarly employed a pairwise estimation framework
where annotators identified the more difficult ques-
tion within a pair. If the item intended to be harder
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was correctly identified, the pair was assigned a
score of +1; otherwise, it received —1. To evaluate
whether the difficulty gap was non-trivial, anno-
tators assigned one of three labels: (1) Almost no
difference, where the items are nearly identical in
difficulty; (2) Moderate difference, representing
a gap that distinguishes “easy” and “hard” items
for students of the same proficiency level; and (3)
Large difference, indicating a substantial gap suit-
able for students of different proficiency levels.

Unlike statistically derived parameters, human
perception of difficulty is inherently subjective and
an individual’s judgment of a “difficulty gap” can
vary; some may perceive items within the same
proficiency range as identical, while others may
discern subtle nuances. We intentionally employed
this three-level scheme to capture such fine-grained
distinctions, encouraging annotators to recognize
and report even minor variations. This granular ap-
proach ensured that evaluators remained sensitive
to subtle differences during the pairwise compari-
son. For the final alignment metric, however, we
consolidated these into two categories to focus on
the presence of an educationally significant differ-
ence: Case 1 (Almost no difference) and Case 2
(Moderate or Large difference). This binary distinc-
tion evaluates whether the gap is sufficient to create
a pedagogically meaningful distinction—even for
students at the same proficiency level.

To compute a DAS that reflects whether the diffi-
culty difference was educationally meaningful, we
combined the three annotators’ responses with a
weighted sum that yields a value between —1 and
+1:

3
Z Wy Qp (5)
r=1

where a, € {+1,—1} denotes annotator r’s pair-
wise judgment, and w, represents the category
weight: w, = 0.5 for Case 1 and w, = 1 for
Case 2. If all three annotators agreed with the
intended ordering and perceived distinguishable
difficulty gap, the resulting score was +1, indicat-
ing perfectly aligned difficulty. Conversely, if at
least one annotator disagreed while marking Case 1
(minimal gap), the score approached 0 (absolute
value ~ 0.1667), suggesting negligible difficulty
difference between the two items.

Complete Alignment Ratio. This metric defined
as the proportion of pairs for which all human eval-
uators unanimously agreed that the observed order-

ing matched the intended direction. A higher CAR
indicates a stronger ability to calibrate difficulty
according to the specified feature constraints.

Validity. We assessed the validity of the gener-
ated questions including its answerability, answer
matching and logical integrity considering that our
targeting item format is MCFI (with the stem of
“Which statement is True based on the passage?”).
We measured this on 3-point scale: 1 — The item is
unanswerable (no answer or multiple answer), and
the generated answer (statement with the factuality
True) is not the correct answer. 2 — The item is an-
swerable and the real answer and intended answer
are matched. But the options are not meutualy inde-
pendent (at least two options are the relationship of
entailment or contradiction making the determina-
tion of the factuality of one option also determine
the factuality of the counterpart without referencing
the passage). This issue is not critical but degrades
the item quality. 3 — Fully valid. the items are an-
swerable and all options are well-constructed. Va-
lidity was evaluated using GPT-5-mini by sampling
eight times, and the average score was reported as
follows Liu et al. (2023).

Coherence and Fluency. To ensure readability
and naturalness, we measured the coherence and
fluency of generated passages using the UniEval
framework, which are generally used automatic
evaluation metrics that has high human alignment
and largely used especially in text summarization
task.

C Constructing Difficulty-Calibrated
Feature Constraint Sequence

To construct the difficulty-calibrated feature con-
straint sequence utilized in our experiments, we
first defined sixteen candidate constraint sets and
generated corresponding items using MAFIG
based on fifteen source documents (disjoint from
the test set). We then computed the DAS for item
pairs generated from constraint sets within a slid-
ing window of size 5, ensuring that each item was
compared with others of nearby theoretical diffi-
culty, using GPT-5-mini as the judge with N = 4
in Equation 2. Constraint pairs with a DAS be-
low 0.4 were filtered out, and from the remain-
ing candidates, we constructed the final sequence,
which exhibited a monotonically increasing diffi-
culty level. Consequently, we obtained eight levels
of difficulty-calibrated feature constraints that are
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Level \ Vocabulary level  Passage length  Sentence length \ Option Constraints (Factuality / Reasoning Complexity)
1 CEFR A-A2 short short T/S-WM, F/S-WM, F/S-WM, F/S-WM
2 CEFR A1-A2 short short T/S-P,F/S-P,F/S-WM, F/S-WM
3 CEFR A1-A2 medium short T/S-P,F/S-P,F/S-WM, F/S-WM
4 CEFR B1-B2 medium medium T/S-P,F/S-P,F/S-P,F/S-P
5 CEFR B1-B2 medium medium T/S-1,F/S-I, F/S-P,F/S-P
6 CEFR B1-B2 medium long T/S-LF/S-I,F/S-P,F/S-P
7 CEFR C1-C2 long long T/S-I,F/S-I,F/S-I, F/S-1
8 CEFR C1-C2 long long T/M-I,F/M-1, F/ M-I, F/ M-1

Table 3: Eight-level difficulty-calibrated feature constraint sequence. (Abbreviations: T / True, F / False, S:
Single-sentence evidence, M: Multi-sentence evidence, WM: Word Matching, P: Paraphrasing, I: Inference)

leﬁcult)f Control Method Mean STD
Granularity
DireCthen;g,gQB 0.1037 0.5434
. Directgpr-5 0.2949 0.6309
Level-based Incremental gwens.szn  0.1804  0.4430
Incrementalgpr.5 0.2750 0.5706
DirectQwen3-32B 0.2759  0.4941
Feature-based Directgpr.5 0.4952 0.4502
MAFIGQwen3-32B 0.5229  0.4495

Table 4: DAS statistics of LLM judges. The range of
DAS is [-1, 1].

both theoretically and empirically validated (see
Table 3).

D Difficulty Alignment Score Statistics of
LLM Judges

Table 4 presents the DAS statistics across 8 re-
peated inferences (4 for each of the forward and re-
versed comparisons). Inherent variation across mul-
tiple samplings is reflected in the DAS, as higher
variance leads the mean score closer to 0. Be-
yond this, the STD values offer additional insights.
For instance, comparing Level-based Incremental
PromptingQwens-32B With MAFIGQwen3-328, the
two methods show a substantial difference in DAS
while exhibiting nearly identical STDs. This sug-
gests that although the frequency of inconsistent
judgments was similar, the Level-based Incremen-
tal model more frequently produced reversed dif-
ficulty judgments (i.e., scores approaching —1),
which offset the positive scores.

E Human Evaluation Setup

We recruited three professional English instructors
via Upwork®, selecting candidates with proven ex-
pertise in IELTS instruction or RC item develop-
ment. The evaluation set comprised item pairs
from adjacent difficulty levels (Level 1 to 8) sam-
pled across six distinct source documents and three

Shttps://www.upwork . com/

Compare Difficulty
After evaluating validity for both questions in a pair, determine which question is more
difficult. When comparing difficulty, please consider multiple dimensions, including but
not limited to:

e Passage length and syntactic complexity

e Vocabulary difficulty

o Inferential complexity of the options

e Cognitive load required to locate and integrate information

Judge the Difficulty Gap
Next, assess how large the difficulty gap is between the two questions.
Use the following scale:
o 1- Almost no difference: The two questions are of nearly the same difficulty.

e 2 - Moderate difference: The two questions differ enough that they could be used
as easier vs. harder versions for students of the same level.

e 3 - Large difference: The two questions differ so much that they should be used for
students of different proficiency levels.

Provide a Justification

Briefly explain the reasoning behind your difficulty comparison (1-3 sentences).
Please consider both the passage and all four options (answer and distractors) when
judging difficulty.

Figure 7: Screenshots of instructions provided to human
evaluators.

generation methods, resulting in 126 pairs per anno-
tator. Each evaluator was compensated with $115
for the entire task and all participants provided in-
formed consent that their anonymized evaluations
may be released for research purposes. Detailed
annotation instructions are available in Figure 7.

F Feature-wise Analysis

We compared the AR of GPT-5 under Direct
Prompting and Qwen3-32B-based MAFIG (with a
single draft, n = 1) in generating items that satisfy
six feature constraints used for difficulty control.
For passage generation, we independently evalu-
ated whether the generated passages satisfied the
constraints on vocabulary level, passage length,
and sentence length. For option generation, we as-
sessed the satisfaction of neutrality among options
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—— Direct (GPT-5/n=1) -~ Direct (GPT-5/n=5)

Direct (GPT-5/n=10) —— MAFIG (Qwen3-32B/n=1)

P - Vocab Level P - Passage Length P - Sentence Length O - Neutrality O - Factuality 0O - Vocab Level 0O - Reasoning Complexity
< 100 100 —— 100 100 0
S -
o 80 80 /f 80 / 80 80 80 80
s
T 60 60 60 60 60 60
€
g 0 40 40 40 40 40 40
]
2z 2 20 20 20 20 20 20
S
< 0
5 10 15 20 5 10 15 20 5 10 15 20 20 40 60 80 100 20 40 60 80 100 20 40 60 80 100 20 40 60 80 100
Round Round Round Round Round Round Round

Figure 8: Feature-wise ARs for GPT-5 (Direct Prompting) and Qwen3-32B-based M AFIG, showing differential

constraint satisfaction across feature types.

Neutrality

OptionA-Vocabulary Level
OptionA-Factuality
OptionA-Reasoning Complexity
OptionB-Vocabulary Level
OptionB-Factuality
OptionB-Reasoning Complexity
OptionC-Vocabulary Level
OptionC-Factuality
OptionC-Reasoning Complexity
OptionD-Vocabulary Level
OptionD-Factuality
OptionD-Reasoning Complexity

Constraints

(a) Successful examples within 100 rounds.

Neutrality -

OptionA-Vocabulary Level
OptionA-Factuality
OptionA-Reasoning Complexity
OptionB-Vocabulary Level
OptionB-Factuality
OptionB-Reasoning Complexity
OptionC-Vocabulary Level
OptionC-Factuality
OptionC-Reasoning Complexity
OptionD-Vocabulary Level
OptionD-Factuality
OptionD-Reasoning Complexity

Constraints

(b) Failed examples within 100 rounds.

Figure 9: Visualization of feature-wise satisfaction across rounds for examples that (a) succeed or (b) fail to achieve
full constraint satisfaction within 100 rounds in the option generation stage. Each cell in the heatmap represents the
proportion of examples satisfying a given constraint at a specific round, where values closer to 1 indicate higher
success rates and values closer to 0 indicate failure across all examples.

and, for each option, the constraints of factuality,
vocabulary level, and reasoning complexity.

As shown in Figure 8, GPT-5 achieved high satis-
faction ratios for surface-level and factuality-based
features—specifically, passage length, sentence
length, and factuality. However, its SR sharply de-
clined for the vocabulary level constraint, which re-
quires alignment with an external lexical standard.
Similarly, GPT-5 exhibited limited performance
in satisfying deeper cognitive constraints, such as
neutrality among options and reasoning complexity,
both of which require analyzing cross-option rela-
tionships and inferential reasoning beyond surface
features.

These findings indicate that while with a
reasoning-optimized model such as GPT-5 is suffi-
cient to generate items aligned with surface-level

or factual constraints, revision through MAFIG
is essential for constraints that depend on external
standards or demand more intricate cognitive con-
trol. Notably, GPT-5’s overall ARs were generally
higher than those of Qwen3-32B before revision,
suggesting that employing GPT-5 as an agent back-
bone within MAFIG could enable faster conver-
gence toward fully constraint-satisfying items.

G Case Study

Through the preceding experiments, we observed
that passage generation was able to achieve con-
straint satisfaction in nearly all examples within
20 rounds (or within 5 rounds when the draft size
was set to 5), whereas option generation occasion-
ally failed to reach full satisfaction even after 100
rounds. In this section, we analyze what poses the
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Level 4

Moral decisions often involve difficult choices. Sometimes, an action may
cause both good and bad results. People must decide whether it is right
to allow the bad effect if the main goal is good. This idea is called the
principle of double effect. It says that if an action directly causes good
and indirectly causes harm, it may be acceptable. But the harm must not
be the main goal. The person must know the harm will happen, but still
choose the action for the good reason. For example, a doctor might give a
treatment that helps a patient but also causes pain. The pain is not the main
goal, but it is known to happen. Some people argue that certain actions,
like war, should never be allowed if they could destroy the human race.
They believe no reason is big enough to justify such destruction. Others
say that avoiding war at all costs could also be wrong. For example, giving
in to an enemy might lead to long-term suffering. The key is to weigh the
good and bad effects carefully. People must act based on what is right now,
not just what might happen later. Moral choices are hard, but they must be
made with clear thinking and responsibility.

According to the passage, which of the following statements is true?

A. The principle of double effect allows an action if the harm is directly
caused and the good is indirect.

B. People must be aware of the harm but still act for a good reason.

C. People should only consider future consequences when making moral
decisions.

D. Moral decisions should be based only on what might happen in the
future, not on what is right now.

Table 5: An MCFI item that fails to satisfy the feature
constraints for Level 4. After 100 rounds of revision,
the item still violates the neutrality and reasoning com-
plexity constraints for options A and C.

greatest obstacles to constraint satisfaction in the
option generation stage.

Figure 9 illustrates which feature constraints
posed the greatest obstacles to full satisfaction. Re-
sults from both successful and failed cases indi-
cate that the model consistently struggled to satisfy
the neutrality and the reasoning complexity con-
straints. Notably, in cases where full satisfaction
was not achieved even after 100 rounds, neutrality
was found to be the constraint most persistently
violated.

A representative case of such neutrality viola-
tions is presented in Table 5, where the target item
was generated at Level 4. The passage associ-
ated with this item addresses the topic of “moral
decision-making” and is written with a high de-
gree of logical cohesion. Because the sentences
within the passage are mutually interdependent,
generating contradicted statements that maintain a
neutral relationship with one another proves par-
ticularly challenging. This suggests that the topic
itself gives rise to a passage more suited to higher-
order comprehension tasks — such as Summariza-
tion or Main Idea Identification formats — than to
the Factual Information format. In our experiments,
the topic of each item was controlled through the
source text, but was not treated as a variable re-
quiring explicit control for difficulty calibration. In
practical applications, incorporating passage topic
as an additional factor in the item generation pro-

cess would likely mitigate constraint satisfaction
failures attributable to such misalignment between
passage topic and item type.

H Qualitative Analysis of Difficulty
Factors

To explore whether feature-based difficulty control
effectively translates into actual difficulty calibra-
tion, we conducted a qualitative analysis based on
the justifications provided by three domain experts
during the pairwise evaluation. Experts were asked
to specify the underlying factors that influenced
their perception of difficulty for each item pair.

Clustering of Perceived Difficulty Factors. We
employed a three-stage prompting pipeline using
GPT-5 to systematically cluster the expert justifica-
tions. First, we extracted general difficulty-related
keywords and phrases from each justification. Sec-
ond, the model was prompted to generate represen-
tative cluster labels by synthesizing these extracted
factors. After manual refinement, we performed
a final classification step where each initial factor
was mapped to its most appropriate cluster.

As summarized in Table 6, the answer verifica-
tion difficulty cluster—which encompasses factors
related to mapping between the passage and op-
tions, as well as reasoning complexity—was the
most prevalent, accounting for 57.85% of expert
mentions. This aligns closely with the reasoning
complexity feature we explicitly controlled in our
experiments. While this dimension is particularly
challenging to satisfy via single-pass prompting (as
discussed in Section F), our results confirm that it is
the most critical factor used by experts to calibrate
or assess item difficulty. Conversely, factors not
directly targeted by our framework, such as figura-
tive language, tone, and option length, were also
noted (approximately 6%), suggesting that these
unmonitored features may introduce unintended
variations in difficulty.

Alignment between Controlled Features and Ex-
pert Perception. Figure 10 visualizes the rela-
tionship between the intended difficulty calibration
in our eight-level feature constraint sequence and
the factors actually perceived by experts. In our
experimental setup, adjacent difficulty levels were
differentiated by intentionally increasing the cogni-
tive complexity of specific features.

The visualization reveals strong alignment in
pairs where reasoning complexity was the intended
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demands paraphrasing skills, requires inferential understanding, answer directly stated, inference across
multiple sentences, answer options use the identical wording as in the passage, direct recall, evidence from a

more advanced vocabulary, familiar vocabulary, complex vocabulary, difficult words, moderate vocabulary

longer sentences, more complex sentence structures, easier to read, compound and complex sentence
structures, complex syntax, denser syntax, higher syntactic complexity, complex kind of sentences, simple

length of the both questions almost same, lengthier, lengthier passage, greater word count, significantly

requires readers to make emotional connections, interpretation of the emotional tone from the dialogue,
literal meaning, literal comprehension, metaphor (nightingale) requiring inferential grasp, vocabualry laden

options use advanced vocabulary, options use very advanced vocabulary, the options in Q1 contain more

Label | Frequency | Examples
Answer verification difficulty 57.85%

single statement
Passage vocabulary difficulty 50.52%
Passage syntactic / structural | 45.81%
complexity

sentences
Passage length / word count 45.29%

longer, long passage
Figurative language / tone / | 3.66%
metaphors

with metaphorical connotation
Option vocabulary difficulty 3.14%

advanced vocabulary
Option length / word count | 2.88% |

wordy statements, wordier options, short answer option, wordier options (A, B, and D), lengthier options

Table 6: Distribution of perceived difficulty factors derived from qualitative expert feedback.
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(Controlled: Passage length)
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Level-3 vs Level-4
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(Controlled: Reasoning complexity)
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(Controlled: Sentence length)
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(Controlled: Passage length /
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Figure 10: Expert-perceived difficulty factors for each
level pair.

differentiator (e.g., Level 1-2, Level 3—4, Level
4-5, and Level 7-8); in these cases, experts fre-
quently cited factors belonging to the answer veri-
fication difficulty cluster. Interestingly, this cluster
was also prominent in the Level 67 pair, where
passage length was the primary variable; we hy-
pothesize that increased passage length made lo-
cating evidence for options more cognitively de-
manding, thereby indirectly affecting verification
difficulty. Furthermore, intended increases in vo-
cabulary level (Level 3—4, Level 5-7) and adjust-
ments in sentence and passage length were accu-
rately identified by experts as primary drivers of
difficulty disparity. Consequently, MAFIG can
effectively support item writers to modulate the
difficulty of RC items by precisely manipulating
specific features in accordance with their pedagogi-
cal intentions.

However, we observed instances where unin-
tended features were cited as difficulty factors. This
likely stems from inherent correlations between lin-

guistic features—for example, increasing sentence
length often leads to more complex syntactic struc-
tures and the inclusion of more sophisticated vo-
cabulary. While our framework manages features
independently, these results suggest that modeling
the interdependencies between difficulty factors is
a promising avenue for future improvement of the
system.

I Prompt Templates

Figures 11, 12, 13, 14, and 15 present the prompt
templates used during the passage generation stage.
The templates used during the option generation
stage and for the LLM-based evaluation can be
found in our GitHub repository: https://github.
com/SeonjeongHwang/mafig.
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Drafter

You are an item writer for reading comprehension tests.

Your task is to write a reading passage.

The passage must be based entirely on factual information from a given source text and meet three constraints: passage length, sentence length, and
vocabulary level.

The passage is not a summary of the source text, but a reading material suitable for reading comprehension tests.

#i## Constraint Definitions:

1. Passage Length — Total number of sentences in the passage:
- short: 5-10 sentences
- medium: 11-20 sentences
- long: 21-30 sentences

2. Sentence Length — Average number of words per sentence:
- short: 10 words or fewer
- medium: more than 10 words and less than or equal to 15 words
- long: more than 15 words and less than or equal to 20 words

3. Vocabulary Level — CEFR level of all words used in the passage:
- A: A1-A2 words only
- B: B1-B2 or simpler
- C: C1-C2 or simpler
- The passage must include at least one word from the specified level, and must not use any words above that level.

#it# Step-by-Step Guide:

Step 1: Compression of Content

Because the source text is lengthy and contains extensive information, you should not attempt to retell everything or summarize all of it. Instead, focus on
one specific aspect of the text—for example, an event, a scene, or a key piece of information.

Step 2: Adapt Writing Type and Style Freely

Check the writing type, style, and sentence length of the source text.

You are not required to keep the same type as the source (narrative, expository, descriptive, persuasive, etc.).

You may also change the style (dialogue-heavy, descriptive, instructional, advertisement-style, etc.) if it helps meet constraints.

Step 3: Passage Planning
Explain how you will structure the passage: how it will begin, develop, and end. Describe the logical flow.

Step 4: Length Control
Fix the number of sentences (within the range), and assign content evenly.

Step 5: Sentence & Vocabulary Control
Adjust sentence length to meet word-count rules (add modifiers/examples if short, condense if long). Use only vocabulary at or below the CEFR target level,
and include at least one word from the required level.

Step 6: Fidelity Check
Confirm all statements are consistent with the source text.
Exclude, merge, or rephrase details that don’t fit the target form.

#i## Output Format:
{"passage”: "..."}

#i## Input:
Source Text:
{source_ document}
Constraints:
- Passage Length: {passage_length}
- Sentence Length: {sentence_length}
- Vocab Level: {vocab_level}
#i## Output:

First, explain your thought process in detail. Then, provide the final output in the specified JSON format.
Let’s think step by step.

Figure 11: Prompt template for the Drafter agent used in the passage generation stage. {placeholder} indicates a
slot to be filled with the corresponding value.
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Planner

You are an item planner for reading comprehension tests.
Your task is to decide which action to take in order to revise the passage based on:
- A source text that is the original factual content that the passage must be based on
- messages you sent to other agents in previous trials
- A current version of the passage that you are editing
- An error report that shows which constraints the current passage violates

Your task is instructions for agents to ensure that the passage satisfies all given constraints.
Decide which action to take. You have two options:
1) Call_Editor
- The Editor is responsible for performing holistic revision of the passage, with the exception of vocabulary-level control.
- Send a message containing detailed guidance on the current issues, based on the given evaluation report and previous messages.
- Do not direct the Editor to apply vocabulary of a specific CEFR level, as the Editor does not have access to a CEFR dictionary.
- If you fail {threshold} times in a row with the same approach, you need to try a more creative approach.
2) Call_Reworder
- The Reworder performs lexicon-only substitutions to satisfy CEFR-based vocabulary constraints.
- Send a message identifying which words are problematic.
- Since the planner (you) do not know the exact vocabulary level of these words, you must not suggest any synonyms.

When you call the agents, you must send them detailed instructions.
Review the messages from prior trials and the error report for the current passage, and give the agents clear guidance to avoid repeating the same mistakes.

#i## Constraint Definitions:

1. Passage Length — Total number of sentences in the passage:
- short: 5-10 sentences
- medium: 11-20 sentences
- long: 21-30 sentences

2. Sentence Length — Average number of words per sentence:
- short: 10 words or fewer
- medium: more than 10 words and less than or equal to 15 words
- long: more than 15 words and less than or equal to 20 words

3. Vocabulary Level — CEFR level of all words used in the passage:
- A: A1-A2 words only
- B: B1-B2 or simpler
- C: C1-C2 or simpler
- The passage must include at least one word from the specified level, and must not use any words above that level.

#i## Output Format:
When you decide to call the Editor, return the following JSON:
{"action”: "Call_Editor"”, "message”: "An instruction for the Editor except vocabulary issues.”}

When you decide to call the Reworder, return the following JSON:
{"action”: "Call_Reworder”, "message”: "An instruction for the Reworder”}

### Input:
Source Text:

{source_document}

Past Messages You Sent to Agents:

{revision_memory }

Current Passage:
{current_state}

Constraints:
- Passage Length: {passage_length}
- Sentence Length: {sentence_length}
- Vocabulary Level: {vocab_level}

Error Report:
{error_report}

### Output:
First, explain your thought process in detail. Then, provide the final output in the specified JSON format.
Let’s think step by step.

Figure 12: Prompt template for the Planner agent used in the passage generation stage. {placeholder} indicates a
slot to be filled with the corresponding value.
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Editor

You are an item editor for reading comprehension tests who should change the passage based on the item planner’s supervision.
You will be provided with the following information:

- A source text that is the original factual content that the passage must be based on

- A current version of the passage that you are revising

- A set of constraints that the passage must satisfy

- An instruction from the item planner

#i## Constraint Definitions:

1. Passage Length — Total number of sentences in the passage:
- short: 5-10 sentences
- medium: 11-20 sentences
- long: 21-30 sentences

2. Sentence Length — Average number of words per sentence:
- short: 10 words or fewer
- medium: more than 10 words and less than or equal to 15 words
- long: more than 15 words and less than or equal to 20 words

#i## Output Format:

Return the passage segmented by sentences.

{"sentence 1": "<sentence 1>", "sentence 2": "<sentence 2>", ...}
#i## Input:

Source Text:
{source_document}

Current Passage:
{current_state}

Constraints:
- Passage Length: ~{passage_length}

- Sentence Length: {sentence_length}
Planner’s Instruction:
{planner_instruction}
#i## Output:

First, explain your thought process in detail. Then, provide the final output in the specified JSON format.
Let’s think step by step.

Figure 13: Prompt template for the Editor agent used in the passage generation stage. {placeholder} indicates a
slot to be filled with the corresponding value.
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Reworder — Suggestion Phase

You are an item reworder for reading comprehension tests who should revise a specific item based on the item writing planner’s supervision.
Your task is to identify words that violate the target CEFR level, and suggest alternative words that would satisty the level while preserving the original
meaning.
You will receive:
- The source text, so you can ensure that any replacement words preserve the original meaning
- A CEFR target level
- A list of sentences from a passage
- An instruction from the item planner

### Constraint Definitions:
- A: A1-A2 words only
- B: B1-B2 or simpler
- C: C1-C2 or simpler
The passage must include at least one word from the specified level, and must not use any words above that level.
### Output Format:
For each sentence, the problematic words and their acceptable replacements, including both:
- replacements for words that are too difficult, and

- upgrade suggestions for words that are too easy when necessary.
{"1": {"appointed”: ["named”, "put in"], "resigned”: ["left”, "quit"]}, "2": {"good": ["excellent”, "strong”]}}

### Input:
Source Text:
{context}

Passage:
{current_state}

Target CEFR Level: {vocab_level}

Planner’s Instruction:
{planner_instruction}

#i## Output:
First, explain your thought process in detail. Then, provide the final output in the specified JSON format.
Let’s think step by step.

Reworder — Replacement Phase

You are an item reworder for reading comprehension tests.
Your task is to revise a passage so that all vocabulary complies with the specified CEFR difficulty level.
You will receive:
- A list of sentences from a passage
- For each sentence:
- A dictionary of problematic words (i.e., above or below the allowed CEFR level)
- For each word, a list of replacement candidates (may be empty)
- The CEFR target_level the passage must conform to (A, B, or C)

#i## Rewording Rules
- All words must be at or below the given CEFR level.
- The passage must include at least one word from the exact target level.
- Only use replacement words from the provided list.
- Do not generate any new words or phrases not in the replacement list.

#i## Output Format:

{"updated”: ["revised version of sentence 1", "revised version of sentence 2", ...],
"message”: "The word ’engage’ in sentence (3) cannot be reworded. ..."}

#i## Input:

Passage:

{current_state }

Target CEFR Level: {vocab_level}

Replacement Candidates:
{alternative_list}

#i## Output:
First, explain your thought process in detail. Then, provide the final output in the specified JSON format.
Let’s think step by step.

Figure 14: Prompt template for the Reworder agent used in the passage generation stage. {placeholder} indicates
a slot to be filled with the corresponding value.
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Refiner

You are a refiner.
Your task is to improve the coherence and fluency of a given passage.

Strict Constraints:
- You must preserve the original meaning and vocabulary exactly as given.
- Do not add, remove, or replace any words.
- You may only make minimal grammatical corrections and adjust sentence connections to improve readability.
- Avoid stylistic rewriting, paraphrasing, or rewording. Only refine.

#i## Output Format:
{"passage”: "..."}

### Input:

Passage:
{passage}

### Output:

First, explain your thought process in detail. Then, provide the final output in the specified JSON format.
Let’s think step by step.

Figure 15: Prompt template for the Refiner agent used in the passage generation stage. {placeholder} indicates a
slot to be filled with the corresponding value.
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