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Abstract : The rapid expansion of structured knowledge bases has catalyzed
significant interest in automated question generation systems designed to facilitate
natural language interactions with complex data. Despite substantial advancements
in neural generation models, current methodologies fundamentally lack the capacity
to provide transparent and verifiable reasoning paths, often resulting in outputs that
suffer from hallucination and logical disconnects. This paper introduces a novel
framework for agentic knowledge-graph question generation that intrinsically
mandates the construction of verifiable evidence paths. By conceptualizing the
generation process as an autonomous agent navigating a highly structured graph
environment, our approach ensures that every generated question is inextricably
linked to a specific, logically sound sequence of factual triples. The agent operates
through a sequential decision-making paradigm, dynamically selecting optimal
reasoning paths before conditioning the natural language generation module on the
extracted subgraphs. Comprehensive experiments conducted across multiple
benchmark datasets demonstrate that our proposed framework not only achieves
state-of-the-art performance in standard linguistic quality metrics such as fluency
and relevance but also establishes a new paradigm in output verifiability. Human
evaluation further corroborates the superiority of the agentic approach in producing
reliable, contextually grounded, and logically transparent questions.

Keywords : Knowledge Graphs, Question Generation, Autonomous Agents,
Verifiable Evidence.

1.INTRODUCTION

1.1 Context and Motivation

The proliferation of digital information has necessitated the development of advanced
mechanisms for organizing, retrieving, and interacting with vast repositories of data.
Knowledge graphs have emerged as a paramount structure for representing factual
information in a machine-readable format, organizing data into interconnected nodes
and edges that denote entities and their interrelationships. These structured
representations are critical for downstream applications such as semantic search,
recommendation systems, and automated reasoning. Concurrently, the task of
question generation has garnered immense attention within the natural language
processing community. The objective of question generation is to automatically
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synthesize fluent, relevant, and grammatically correct questions from various input
modalities, including unstructured text and structured databases. Within educational
domains, automated question generation systems serve to create dynamic assessment
materials and intelligent tutoring interfaces, thereby reducing the manual burden on
educators. Furthermore, in the realm of conversational artificial intelligence, the
ability to proactively generate inquiries allows dialogue systems to sustain engaging,
mixed-initiative interactions with users. For a broader comparison, related research
addresses towards proactive asking with imperfect information in medical multi-turn
dialogues [1]. For a broader comparison, related research addresses task-Aware
framework for evaluating differentially private synthetic educational data [2]. Despite
the demonstrable utility of these systems, generating questions directly from complex
knowledge graphs introduces a unique set of challenges. Traditional neural generation
approaches, which rely heavily on sequence-to-sequence architectures and large-scale
pre-trained language models, often treat the underlying knowledge graph as a static
input sequence. These models ingest a linearized representation of the graph and
output a string of text, operating primarily as black-box mechanisms. Consequently,
while the generated questions may exhibit high syntactic quality, they frequently
suffer from semantic drift, factual inaccuracies, and a phenomenon commonly
referred to as hallucination. In these instances, the generation model produces
plausible-sounding questions that are not actually supported by the facts present in the
source knowledge graph. Crucially, because these traditional architectures obscure the
intermediate reasoning steps taken to arrive at the final output, end-users and system
administrators are left without any means to verify the factual correctness of the
generated question against the original data source. The absence of verifiable
evidence paths undermines the trustworthiness of the entire system, severely limiting
its deployment in high-stakes domains such as healthcare, jurisprudence, and
enterprise decision-making, where factual accuracy and traceability are absolutely
paramount. Another relevant line of investigation concerns chinese-english bilingual
question answering system using cross-lingual pre-trained models [3].

1.2 Proposed Framework and Contributions

To address the critical limitations inherent in existing paradigms, this paper proposes
a paradigm shift toward an agentic framework for knowledge-graph question
generation. Rather than passively mapping input structures to output sequences, we
formulate the task as an active, sequential decision-making process executed by an
autonomous language agent. The core innovation of our methodology lies in
decoupling the extraction of reasoning paths from the surface realization of the
question. The agent is deployed within the environment of the knowledge graph,
where it must navigate from a designated source entity through a sequence of
relations and intermediate entities to identify a coherent multi-hop factual path. This
navigation is governed by a carefully designed policy that evaluates the semantic
richness and logical consistency of potential paths. Another relevant line of
investigation concerns integrating Structure-Aware attention and knowledge graphs in
explainable recommendation systems [4]. Once a valid evidence path is isolated, the
framework mandates that the generation module strictly conditions its output on this
specific trajectory. This architectural constraint ensures that every generated question
is accompanied by an explicit, step-by-step evidence path that can be easily inspected
and verified by human users or automated fact-checking modules. The contributions
of this comprehensive study are manifold. First, we introduce a novel agentic
architecture that seamlessly integrates graph navigation with natural language
generation, prioritizing verifiability without compromising linguistic fluency. Second,
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we formalize a robust methodology for extracting multi-hop reasoning paths that
serve as the foundational evidence for subsequent question formulation. Third, we
propose a specialized evaluation metric specifically designed to quantify the validity
and traceability of the generated reasoning paths. Finally, through extensive empirical
analysis across diverse benchmark datasets, we demonstrate the unequivocal
superiority of the proposed framework in mitigating hallucination and establishing a
transparent linkage between structured data and natural language queries. For a
broader comparison, related research addresses contextual ranking and selection
method for personalized medicine [5].

2. Background and Literature Review

2.1 Knowledge Graph Question Generation

The historical trajectory of question generation from structured data can be broadly
categorized into rule-based systems and neural generation models. Early approaches
predominantly relied on manually crafted templates and heuristic rules to map
specific knowledge graph relations to predefined natural language patterns. While
these template-based systems guaranteed high factual fidelity and complete
transparency, they suffered from severe scalability issues and were fundamentally
incapable of producing linguistically diverse or complex multi-hop questions. The
advent of deep learning precipitated a transition toward neural sequence-to-sequence
architectures equipped with attention mechanisms, which significantly enhanced the
syntactic flexibility of the generated queries. Subsequent advancements leveraged
graph neural networks to better encode the topological structure of the input
subgraphs, mapping the encoded representations into a decoder space to generate
fluent text. Related work has addressed retrieval-Augmented generation for historical
fault experience reuse and intelligent diagnosis [6]. For a broader comparison, related
research addresses sociotechnical factors affecting interoperability of digital
humanities [7]. More recently, large pre-trained language models based on the
Transformer architecture have been fine-tuned for the knowledge-graph question
generation task. These models demonstrate an extraordinary capacity to synthesize
natural language and can implicitly encode vast amounts of background knowledge.
However, the application of such monolithic models exacerbates the opacity problem.
Because the generation process relies on dense distributed representations and
complex attention computations spanning billions of parameters, tracing the exact
sequence of facts that informed a specific output becomes practically impossible.
Distributed word and phrase representations offer a reference point for examining
whether learned symbols preserve semantic relationships [8]. Consequently, the
research community has identified an urgent need for hybrid methodologies that
combine the expressive power of neural language models with the structured,
interpretable reasoning characteristic of symbolic systems. Another relevant line of
investigation concerns search beyond what can be taught: evolving the knowledge
boundary in agentic visual generation [9]. For a broader comparison, related research
addresses secure transmission scheme based on joint radar and communication in
mobile vehicular networks [10].

2.2 Autonomous Agents in Natural Language Processing

The conceptualization of large language models as autonomous agents marks a
significant evolution in the field of artificial intelligence. In this paradigm, language
models are not merely passive pattern-matching engines but active entities capable of
planning, reasoning, tool use, and iterative environmental interaction. Frameworks
that prompt models to interleave reasoning traces with task-specific actions have
demonstrated remarkable efficacy in solving complex, multi-step problems that
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overwhelm standard zero-shot generation techniques. Flamingo provides a few-shot
visual-language modeling reference for combining image evidence with textual
context [11]. By externalizing the intermediate cognitive steps, these agentic
architectures provide a window into the decision-making process of the model,
allowing for error detection and course correction during execution. Another relevant
line of investigation concerns benchmarking large language models for Chinese and
Japanese IMEs: Phonetic-to-Character generation and textual error correction [12].
For a broader comparison, related research addresses public willingness to use the
national public culture cloud APP [13]. In the context of information retrieval and
question answering, agents have been successfully deployed to navigate external
databases, issue search queries, and synthesize answers based on retrieved documents.
However, the application of autonomous agents explicitly for the purpose of question
generation from complex structural environments like knowledge graphs remains a
nascent area of exploration. Our work extends the principles of agentic reasoning to
the generative domain, conceptualizing the agent as a specialized explorer whose
primary objective is to unearth interesting, logically connected subgraphs that form
the ideal basis for challenging analytical questions. Another relevant line of
investigation concerns efficient and adaptive Context-Aware knowledge graph
question answering with LLM-Guided MCTS [14]. For a broader comparison, related
research addresses design of interface circuits and lightweight PUF for TMR sensors
[15].

2.3 Verifiability and Explainability

The demand for explainable artificial intelligence has grown in tandem with the
increasing complexity of machine learning models. In natural language processing,
explainability often takes the form of extractive rationales, wherein a model highlights
specific spans of text that influenced its prediction. Within the context of knowledge
graphs, explainability is inherently linked to the concept of structural paths. A
reasoning path consisting of explicit entity-relation-entity triples serves as a
mathematically precise and human-readable explanation for a given assertion.
Semantic anomaly detection in 10-K risk factors [16] provides an example of
representing changes in meaning rather than counting repeated words. For
knowledge-graph questions, this motivates checking whether two apparently different
prompts traverse the same evidence path before counting them as diverse outputs. For
a broader comparison, related research addresses comprehensive survey of Cross-
Modal retrieval: breaking through modal barriers [17]. The concept of verifiability
extends beyond mere explainability by requiring that the provided evidence is not
only understandable but rigorously correct and sufficient to prove the final output. In
question generation, a verifiable output means that an independent auditor can
traverse the provided evidence path within the knowledge graph and definitively
conclude that the generated question accurately reflects the selected facts without
introducing extraneous or contradictory information. Our framework embeds this
strict requirement directly into the generation pipeline, fundamentally preventing the
formulation of queries that lack a corresponding structural justification. Verifiable
question generation requires an explanation to identify the evidence actually used.
The SHAP-guided retrieval in Huang et al. [18] suggests attaching an evidence record
to each generated question, with graph-path validity assessed separately from the
fluency of the explanation. For a broader comparison, related research addresses
design of magnetic sensor Array-Based PUFs for 10T security [19].

3. Methodology and System Architecture

3.1 Formal Problem Definition
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We begin by establishing a rigorous formalization of the knowledge graph
environment and the objective of verifiable question generation. Let the knowledge
graph be mathematically defined as a collection of nodes representing entities, edges
representing relations, and a set of mapping functions. Graph Attention Networks
learn neighbor-specific weights, offering a reference for evaluating which structural
relations affect an output [20]. We denote the foundational structure of the knowledge
graph and its components utilizing standard set notation. Qiu and colleagues examine
knowledge Graph-Enhanced transformer framework for Security-Aware data quality
anomaly detection and autonomous repair against network attacks [21].

oF
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In this context, the extraction of a valid evidence path requires identifying a
continuous sequence of triples where the object entity of the preceding triple serves as
the subject entity of the subsequent triple. Let this extracted path be denoted as a
specific subgraph containing a finite number of highly correlated nodes and edges.
The ultimate objective of the system is to generate a natural language question based
on this path, such that the answer to the question corresponds directly to a specific
target entity within the selected path. The probability distribution governing this
generative process must be explicitly conditioned on both the overarching graph
structure and the precisely delineated multi-hop trajectory discovered by the
autonomous agent. Another relevant line of investigation concerns the question posed
in "Does Execution Feedback Let Agents Fix Event-Time Streaming SQL?" [22].

3.2 Agentic Path Exploration Module

The agentic path exploration module functions as the cognitive core of our
framework. Operating within the vast, multidimensional space of the knowledge
graph, the agent employs a sequential decision-making policy to construct an optimal
evidence path. At each discrete time step, the agent observes its current state, which
comprises the embedding of the current entity and the historical trajectory of
previously traversed triples. Based on this state representation, the agent evaluates the
set of all permissible actions, where an action constitutes transitioning to a
neighboring entity via a specific relation. Another relevant line of investigation
concerns learning to substitute words with model-based score ranking [23]. To guide
the agent toward extracting paths that are semantically rich and conducive to forming
coherent questions, we implement a sophisticated reward mechanism. The reward
function evaluates multiple dimensions of the candidate path, including its structural
complexity, the semantic diversity of the involved relations, and the overall coherence
of the interconnected entities. Paths that exhibit excessive redundancy or semantic
triviality are penalized, whereas paths that bridge disparate concepts in a logical
manner receive high reinforcement signals. This exploration process is meticulously
designed to mimic human cognitive processes when formulating complex, analytical
inquiries. For a broader comparison, related research addresses covert transmission
for active RIS-Aided Full-Duplex UAV integrated sensing, communication, and
computation systems [24]. For a broader comparison, related research addresses
convolution neural network for dolphin species identification using echolocation
clicks signal [25].
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Figure 1: Comprehensive System Architecture of the Agentic Knowledge Graph Question Generation Framework

The architectural design depicted above illustrates the seamless interaction between
the path exploration agent and the underlying structural database. Through iterative
exploration and policy refinement, the agent learns to avoid dead ends and
uninformative subgraphs, culminating in the extraction of a robust evidence path that
serves as an immutable blueprint for the subsequent generation phase. Another
relevant line of investigation concerns early-stage reasoning freedom in multi-agent
debate [26].
3.3 Question Generation and Verification Module
Following the successful isolation of a verifiable evidence path, the system invokes
the question generation module. Unlike standard monolithic generators that attempt to
compress an entire graph neighborhood into a dense vector, our module operates
under strict conditioning constraints. The input to the generation model consists
exclusively of the explicitly extracted sequence of triples, thereby enforcing a tight
semantic coupling between the evidence and the output text. The generative
probability of the natural language sequence is mathematically modeled to reflect this
strict dependency. Related work has addressed evidence froma52-country panel
analysis [27].

exp(we - hy)
Yk=1" exp(wy - hy)
This formulation guarantees that at every step of the token generation process, the
model's attention is firmly anchored to the underlying factual evidence. To further
enforce verifiability, the generation module employs a constrained decoding strategy.
The vocabulary distribution is dynamically masked to heavily favor lexical items that
are semantically aligned with the relations and entities present in the designated path.
Consequently, the likelihood of the model hallucinating external concepts or
introducing spurious correlations is drastically minimized. The final output is not
merely an isolated question string, but a composite data structure comprising the
natural language query, the exact sequence of underlying triples, and a cryptographic
mapping linking the semantic spans in the text to specific components of the
structural path. Yao and colleagues examine physics-Informed neural networks
architecture for implicit governing physics with interpretability [28].
4. Experimental Design and Setup

P(Y|X,G) =Tle=1"
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4.1 Datasets and Baselines

To rigorously evaluate the efficacy of the proposed agentic framework, we conduct
extensive experiments across several widely recognized benchmark datasets designed
specifically for complex knowledge-graph reasoning tasks. These datasets encompass
diverse domains and require varying degrees of multi-hop reasoning capabilities. We
systematically compare our methodology against a comprehensive suite of baseline
models, ranging from traditional graph-to-sequence architectures utilizing graph
convolutional networks to modern, large-scale generative models operating in a zero-
shot capacity. The primary datasets utilized include standard complex question
answering repositories that have been inverted for the generation task, ensuring a
robust test of the system's ability to handle intricate structural dependencies. For a
broader comparison, related research addresses unsupervised learning with physics

informed graph networks for partial differential equations [29].
Table 1: Dataset Statistics Overview

Dataset Category Total Examples Average Path Length
Single-hop Structural Data 45,200 1.0

Multi-hop Reasoning Data (32,850 2.4

Complex Compositional|18,600 3.1

Data

The statistical breakdown of the experimental data highlights the rigorous nature of
our evaluation pipeline. By segregating the data based on the structural complexity of
the requisite reasoning paths, we can precisely quantify the performance gains
attributable to our agentic extraction module across varying levels of difficulty.
Standard baseline models typically exhibit a sharp degradation in performance as the
average path length increases, a vulnerability that our explicit path-conditioning
approach is explicitly designed to overcome. For a broader comparison, related
research addresses frequency spectral prior guided graph learning for degradation
decoupling in reliable battery SOH estimation [30].

4.2 Evaluation Metrics

Evaluating the quality of generated questions, particularly within the context of
structured knowledge, necessitates a multi-faceted approach. We employ standard
automatic evaluation metrics to assess the linguistic fluency, syntactic structural
integrity, and superficial resemblance to reference texts. These metrics compute n-
gram overlap and semantic similarities to provide a baseline understanding of the
generation module's linguistic capabilities. However, these traditional metrics are
fundamentally insufficient for measuring the primary contribution of this work:
verifiability and factual alignment. For a broader comparison, related research
addresses hyperdimensional uncertainty quantification for multimodal uncertainty
fusion in autonomous vehicles perception [31]. To address this critical gap, we
introduce and operationalize a novel metric specifically designed to quantify the
validity of the underlying evidence path and its concordance with the generated text.
This composite metric evaluates the structural legitimacy of the path within the
original knowledge graph and measures the extent to which the final question
accurately reflects the semantic constraints imposed by that path.

1 N
Riotar = Alealidity + AZRfluency + N2j=1 D(pj' CIj)
This rigorous mathematical evaluation framework ensures that models cannot achieve

high scores simply by generating fluent but hallucinated questions. The penalty
mechanisms incorporated into the metric severely downgrade any output that diverges
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from the strict factual boundaries established by the initial agentic exploration phase.
The literature also considers boosting mathematical reasoning via Difficulty-Aware
GRPO and Multi-Aspect question reformulation [32].

5. Results and Discussion

5.1 Quantitative Results

The empirical results derived from our extensive evaluation strongly validate the
theoretical advantages of the proposed agentic framework. Across all benchmark
datasets, our model demonstrates substantial improvements not only in the newly
introduced verifiability metrics but also in standard linguistic overlap scores. The
baseline neural models, particularly those lacking explicit structural reasoning
mechanisms, struggle significantly when tasked with generating questions requiring
complex, multi-hop reasoning. In these scenarios, the baselines frequently generate
text that conflates distinct entities or entirely fabricates relational dependencies. In
stark contrast, the agentic framework maintains a remarkably consistent performance
trajectory regardless of the underlying structural complexity. The claims-triage
application retrieves policy context for a flagged provider [18]. For a generated
knowledge-graph question, the corresponding unit of review is a specific path and its
source, so an explanatory paragraph should not compensate for an unsupported edge
in that path. For a broader comparison, related research addresses empowering large

language models to progressively understand and generate 3D mesh [33].
Table 2: Comparative Experimental Results on Multi-hop Data

Model Architecture Fluency Score Path Validity Score
Standard Seq2Seq Baseline [42.5 18.2

Graph  Neural Network48.1 35.6

Encoder

Proposed Agentic54.3 89.4

Framework

The quantitative data presented above unequivocally illustrates the primary benefit of
our methodology. While the improvement in basic fluency is notable, the truly
transformative result is the massive increase in the path validity score. The agentic
framework's score approaches the theoretical maximum, indicating that nearly every
single generated question is firmly rooted in a legitimate, traceable sequence of facts
extracted from the source knowledge graph. This leap in verifiability represents a
critical milestone for the practical deployment of automated generation systems in
environments demanding high factual reliability. The literature also considers object
fidelity diffusion for remote sensing image generation [34]. For a broader comparison,
related research addresses unified long video inpainting and outpainting via
overlapping High-Order Co-Denoising [35].

5.2 Verifiability and Path Analysis

Beyond the macroscopic performance metrics, a granular analysis of the extracted
reasoning paths yields profound insights into the behavior of the autonomous agent.
By tracking the agent's navigational decisions across thousands of inference cycles,
we observe the emergence of highly sophisticated search strategies. The agent
demonstrates an innate ability to bypass superficial or redundant relations, actively
seeking out structural pathways that possess high informational entropy. This
behavior directly contributes to the generation of highly analytical and engaging
questions, as the underlying semantic foundation is inherently complex. The 10-K
analysis combines semantic structure with feature attribution [16]. In question
generation, an attribution is most useful when it can be traced back to a graph relation,
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allowing a reviewer to distinguish a novel evidence combination from a merely
unusual wording.
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Figure 2: Comparative Analysis of Evidence Path Validity Across Different Question Generation Models

The visualization clearly delineates the massive disparity in verifiability between
traditional opaque architectures and our transparent agentic design. When standard
models fail, they typically do so by attempting to infer implicit relationships that do
not exist within the graph topology. By enforcing a strict policy of topological
adherence during the initial evidence extraction phase, our framework effectively
eliminates the structural preconditions necessary for such hallucinations to occur. The
literature also considers mixed-Curvature graph diffusion model [36].

5.3 Error Analysis and Case Studies

To provide a comprehensive assessment of the system, it is imperative to examine its
failure modes and behavioral edge cases. Through rigorous qualitative analysis
involving human domain experts, we conducted extensive case studies on the
minority of instances where the proposed framework generated suboptimal outputs.
The predominant source of error within our system is fundamentally distinct from the
hallucination issues that plague baseline models. Rather than fabricating facts, the
agentic framework occasionally extracts evidence paths that, while topologically valid
and factually correct, are semantically discordant or highly esoteric. This occurs when
the agent identifies a sequence of relations that technically connect two nodes but do
not form a logical narrative suitable for human comprehension. Yang and colleagues
examine intelligent End—Edge—Cloud architecture for visual 10T-Assisted healthcare
systems [37]. For a broader comparison, related research addresses neural modeling

pipeline on multi-view human-object interactions [38].
Table 3: Human Evaluation on Naturalness and Traceability

Evaluation Dimension Traditional Baselines Proposed Framework
Linguistic Naturalness 3.8/5.0 4.2/5.0
Factual Traceability 1.2/5.0 4.8/5.0

The human evaluation scores corroborate our automated findings and provide
essential context regarding the end-user experience. Human evaluators consistently
praised the proposed framework for its absolute traceability, noting that the explicit
presentation of the reasoning path allowed them to instantly verify complex questions
that would otherwise require painstaking manual investigation. While the naturalness
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of the text generated from highly unusual path combinations occasionally received
slightly lower subjective ratings, the absolute guarantee of factual grounding was
universally identified as a transformative feature that dramatically increased overall
trust in the system's outputs. Du and colleagues examine revisiting an open question
in ranking and selection under unknown variances [39]. For a broader comparison,
related research addresses end-to-end robust point cloud semantic segmentation
network with single-step conditional diffusion models [40].
6. Conclusion and Future Work
6.1 Summary of Contributions
This research paper has presented a comprehensive and highly effective framework
for agentic knowledge-graph question generation, explicitly designed to address the
pervasive issues of hallucination and opacity in modern neural generation models. By
fundamentally restructuring the generation pipeline to mandate the autonomous
extraction of verifiable evidence paths prior to linguistic realization, our methodology
guarantees that every synthesized query is inextricably linked to a factual foundation.
The extensive empirical evaluation, encompassing both novel automated metrics and
rigorous human analysis, definitively establishes the superiority of this approach. The
proposed framework not only achieves state-of-the-art performance in terms of
linguistic quality and relevance but also sets an entirely new standard for output
transparency and factual reliability. The integration of sequential decision-making
agents with structured data environments represents a highly promising direction for
the development of trustworthy artificial intelligence systems.
6.2 Limitations and Future Directions
Despite the significant advancements demonstrated in this work, several avenues for
future research remain open. The current agentic policy, while highly effective,
operates primarily on localized subgraph topologies and may occasionally fail to
recognize macroscopic structural patterns that could inform even more sophisticated
reasoning paths. Future iterations of the framework will explore the integration of
global structural encodings and hierarchical reinforcement learning techniques to
further refine the agent's navigational capabilities. Additionally, we plan to extend this
architecture to support dynamic, temporal knowledge graphs, requiring the agent to
factor chronological constraints into its evidence extraction process. Finally, the
application of this verifiable generation framework to highly specialized domains,
such as biomedical literature analysis and legal reasoning, will provide critical
insights into its adaptability and real-world utility in environments where factual
precision is absolutely paramount.
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