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Abstract

Academic question answering requires reasoning over heteroge-
neous scholarly graphs, where queries range from simple attribute
lookups to multi-hop inference across author—paper—venue struc-
tures. Existing retrieval-augmented generation (RAG) systems strug-
gle in this setting due to three limitations: (1) fixed retrieval strate-
gies that do not adapt to varying query complexity, (2) the ab-
sence of sufficiency evaluation leading to incomplete or misaligned
evidence, and (3) a lack of structured verification against graph
facts. To address these issues, we propose an agentic heterogeneous
graph RAG method that transforms the three core stages of the RAG
pipeline into explicit agentic decision steps. A query-aware retrieval
agent analyzes query type and selects an appropriate graph traver-
sal strategy; a sufficiency-aware reranking agent assesses evidence
completeness and adaptively expands the retrieved subgraph; and
a graph-grounded verification agent checks entity, relation, and
attribute correctness before finalizing the answer. Experiments
on heterogeneous graphs constructed from OpenAlex and DBLP
suggest that our method consistently outperforms strong LLM,
graph-augmented RAG, and agent-based baselines.
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1 Introduction

Academic question answering (QA) requires combining natural-
language understanding with structured knowledge encoded in
heterogeneous scholarly graphs. RAG has become a standard para-
digm for knowledge-intensive QA [10], and recent studies explore
combining LLMs with knowledge graphs or heterogeneous graphs
to enhance multi-hop reasoning and factual grounding [3].

Despite these advances, current graph-augmented RAG methods
still exhibit three limitations. They rarely model query complexity,
applying uniform traversal depth to both simple attribute queries
and multi-hop reasoning queries [14]. They lack evidence suffi-
ciency control, typically retrieving a one-shot subgraph without
ensuring that it satisfies the entities, constraints, or aggregation
signals implied by the query. Finally, they generally do not perform
graph-grounded answer verification: once evidence is retrieved,
generated answers are seldom checked against the graph for entity
existence, relation validity, or attribute correctness. In contrast, text-
only hallucination detection approaches such as SelfCheckGPT [12]
and self-consistency methods [17] primarily rely on self-consistency
rather than structured verification grounded in graph facts. This
motivates our central question:

How can we develop an agentic RAG method for Academic QA
in heterogeneous scholarly graphs?

We address this question by introducing an agent-enhanced
heterogeneous graph RAG method in which the three stages of the
RAG pipeline are explicitly agenticized. A query-aware retrieval
agent analyzes the type of the question and produces a retrieval
plan tailored to attribute, direct relation, aggregation, or multi-
hop queries. A sufficiency-aware evidence control agent evaluates
whether the retrieved subgraph adequately supports the query
and selectively expands the graph neighborhood when necessary,
rather than relying on fixed-depth traversal. A graph-grounded
verification agent checks entity existence, relation validity, attribute
correctness, and answer completeness before returning the final
answer, inspired by recent agentic frameworks that decompose
complex tasks into specialized modules [16, 18].

We evaluate the method on heterogeneous graphs constructed
from OpenAlex and DBLP, comparing it with pure LLM baselines,
representative graph-augmented RAG models, and agent-based
retrieval methods. Across all evaluation settings, the agentic de-
composition leads to consistent improvements in answer accuracy,
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demonstrating the effectiveness of integrating agentic query-aware
planning, adaptive retrieval, and graph-grounded verification.
Our main contributions are summarized as follows:

(1) We propose an agentic method for the three core stages of
the Academic QA RAG pipeline: retrieval planning, evidence
control, and answer verification, where each stage is handled
by a dedicated agent that explicitly leverages heterogeneous
scholarly graph structure.

(2) We develop a query and sufficiency-aware graph retrieval
method that classifies questions into four academic query
types and adaptively guides retrieval and reranking based
on query structure.

(3) We propose a graph-grounded verification method that vali-
dates answers against retrieved graph evidence, which helps
improve the robustness of the overall method.

2 Related Works

Academic QA and Heterogeneous Scholarly Graphs. Schol-
arly data—comprising authors, papers, venues, and citation rela-
tions—naturally forms heterogeneous graphs. Prior research in
academic recommendation, citation analysis, and structured QA
has leveraged graph neural networks (GNNs) and knowledge-graph
reasoning to encode such structures. Representative methods, in-
cluding Heterogeneous Graph Transformer (HGT) [4], learn type-
aware representations by aggregating information across nodes and
edges. While this line of work has advanced structured reasoning
over academic graphs, most methods focus on embedding learning
or executing logical operators, and relatively fewer studies explore
integrating LLMs as generators or incorporating explicit mecha-
nisms that adapt retrieval to the query’s structure or complexity.

Retrieval-Augmented Generation and Graph-RAG. RAG has
become a standard paradigm for knowledge-intensive QA, where
retrieved evidence guides an LLM during generation [10]. Extend-
ing this idea, graph- and KG-augmented RAG variants incorporate
graph traversal into retrieval pipelines, enabling the use of struc-
tured relations as evidence [6]. Recent systems such as G-Retriever
[3] retrieves subgraphs to support textual graph understanding
and integrate graph foundation models into RAG to improve re-
trieval over structured relations. These graph RAG systems high-
light the benefits of combining structured knowledge with LLMs
for knowledge-intensive QA.

Agentic LLMs and Answer Verification. Agentic LLM paradigms
view language models as controllers capable of invoking tools, plan-
ning actions, or coordinating subtasks. ReAct [18] demonstrates
interleaved reasoning and acting, while MAIN-RAG [1] proposes
a multi-agent filtering mechanism for retrieval-augmented gen-
eration. Parallel to this, answer verification and reliability assess-
ment have received growing attention, with methods such as self-
consistency [17] and FActScore [13] offering fine-grained evalua-
tion over generated text. Recent efforts have also explored agent-
based or complexity-aware RAG methods [5] [9], which demon-
strate the potential of using agents to control retrieval behavior.
These approaches primarily operate in unstructured or text-centric
settings, whereas our work focuses on verification against struc-
tured evidence from heterogeneous scholarly graphs.
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3 Methodology

This section introduces the academic heterogeneous graph setting
and describes each agent and its decision rules. As shown in Figure 1,
we propose an agentic heterogeneous graph RAG method that
decomposes Academic QA into three decision stages: (1) query-
aware retrieval planning, (2) graph retrieval with sufficiency-aware
evidence control, and (3) graph-grounded answer verification.
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Figure 1: Overall architecture of our method.

3.1 Academic Heterogeneous Graph QA Setting

We consider a heterogeneous scholarly graph G = (V, &) with
three node types: Authors, Papers, and Venues. Author nodes store
attributes such as name and organization, Paper nodes include title,
abstract, keywords, citation counts, and year, and Venue nodes
include venue name and rank. The graph includes two relation
types: Paper—Author, representing authorship, and Paper—Venue,
representing publication venues.

Given a natural-language query g, the goal is to generate an
answer a grounded in a task-specific subgraph G4 C G. Motivated
by prior analyses of complex Knowledge Base QA and complex
logical queries over knowledge graphs [8], we classify queries into
four structural categories: Attribute (0-hop), Direct Relation (1-hop),
Aggregation (1-2 hops with numerical reasoning), and Multi-hop
(2+ hop relational chains). Each type induces different requirements
for start-node selection and traversal depth.

3.2 Query-Aware Retrieval Agent

The Retrieval Agent converts a natural-language query into a
structured retrieval plan. Specifically, given query g, the agent
predicts: (1) query type t € {Attr, Rel, Agg, Multi}, (2) start-node
type s € {Author, Paper, Venue}, (3) hop budget h determined by
t, (4) entity mentions E(q), and (5) traversal plan ; (node lookup,
single-hop, multi-hop, aggregation).

We formalize the plan as: Q(q) = (t,s, h, E(q), ;). The agent
uses an LLM classifier to infer ¢ with distribution:

p(t | q) = softmax(fp(q)) 1)
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The predicted query type is selected as:
@

t* = argmaxp(t | q)

after which (s, h, 7r;) are determined through a fixed mapping.

In practice, fy is implemented as a prompted GPT-4-turbo classi-
fier: we provide a system prompt that describes the academic graph
schema and the four query types, together with a few in-context
examples, and let the model directly output a description of Q(q)
without additional supervised fine-tuning. This step makes retrieval
planning explicit and agentic.

3.3 Graph Retrieval and Sufficiency-Aware
Reranking Agent

Given Q(q), the system performs (1) entity lookup, (2) hop con-

strained traversal, and (3) sufficiency-aware evidence control. The

start node is determined by embedding similarity:

®)

where ¢(+) is a text encoder. We instantiate ¢ using a Sentence-
Transformers model (all-MiniLM-L6-v2), which produces 384 di-
mensional embeddings suitable for efficient semantic similarity
matching between queries and node metadata. Traversal then yields

o* = arg max sim(¢(q), ¢(0))

the initial subgraph as g(;o) = Traverse(v*, h, 7).

The Reranking Agent evaluates whether Qéi) is adequate to
answer ¢ through a sufficiency score:

Seuf(@. G\) = aCov(q. G3") + (1~ ) Rel(q. GS) (@)
where Cov measures entity/attribute coverage and Rel measures

semantic relevance. Concretely, Cov(g, chl)) is computed as the
fraction of entity mentions in E(q) that can be matched to nodes in
Q(;l) via string and embedding-based matching, while Rel(q, g,;l))
averages the embedding similarity between the query and textual
descriptions of nodes in the subgraph. If the score is below threshold
(Ssuf < 7), the agent triggers controlled expansion:

G é i+1) )
with at most two expansions. In our experiments, we cap expansion
at two steps to control latency and keep the retrieved subgraph com-
pact, introducing explicit evidence control into the RAG pipeline.

= Expand(G”, )

3.4 Answer Generation and Graph-Grounded
Validation Agent

The retrieved subgraph Gy is linearized and supplied to an LLM
to generate answer a. The Validation Agent then checks whether
the answer aligns with graph facts with factual consistency score
defined as follows:

Scons (@, Gq) = p1 EntAlign(a, G4) + f2 RelAlign(a, G4)

+ B3 AttrMatch(a, G4) ©

where the three components evaluate entity existence, relation
validity, and attribute correctness.

Answer entities, relations, and attribute claims are extracted from
a using lightweight LLM-based tagging prompts. EntAlign(a, G4)
measures the fraction of entity mentions in the answer that can be
linked to nodes in G via string matching and embedding similarity;
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RelAlign(a, G4) checks whether relations described in the answer
(e.g., head-relation-tail triples) correspond to existing edges in the
retrieved subgraph; and AttrMatch(a, gq) verifies that numerical
and categorical attributes in the answer (such as years, venues, or
counts) agree with the corresponding node attributes.

If Scons < ¥, the agent attempts regeneration (up to two times)
or outputs an uncertainty signal. We limit regeneration attempts to
two to bound computation cost. This graph-grounded check helps
detect unsupported or hallucinated content.

4 Experimental Setup

Datasets. We evaluate our method on heterogeneous academic
graphs derived from OpenAlex and DBLP. Each graph contains
three node types (Authors, Papers, Venues) and two relations (writes,
published_in). OpenAlex includes 76,569 nodes and 105,290 edges,
while DBLP contains 62,443 nodes and 79,697 edges. Following our
query taxonomy, we generate 400 queries for each dataset (100
per type: attribute, direct-relation, aggregation, multi-hop), with
ground-truth answers automatically extracted from graph facts.

Backbone LLM and Implementation Details. All agentic con-
trollers and the final answer generator use GPT-4-turbo. Entity
lookup is performed using sentence-transformers for semantic
similarity matching. For each query, the system allows at most
two retrieval expansions and at most two verification-based regen-
erations. We report three standard metrics: (1) Accuracy, which
measures exact match with the gold answer; (2) F1, computed via
entity-level precision and recall; and (3) Hit@1, which evaluates
whether the top-ranked predicted answer is correct.

Baselines. We compare our method against three categories of
baselines: (1) pure LLM models, including Qwen-2.5-7B and GPT-03;
(2) graph-augmented RAG methods, including Vanilla RAG, Graph-
Prompter [11], GraphRAG [2], KGRAG [15], and GraphCoT [7];
and (3) agent-based or complexity-aware RAG methods, including
AdaptiveRAG [5] (agentic, complexity-aware retrieval) and Agent-
G [9] (agentic retrieval control). These baselines cover the major
types of RAG, graph-RAG, and agent-based QA methods.

5 Results

Overall Performance. Table 1 shows that our method achieves
the strongest performance on both OpenAlex and DBLP across
all metrics. Compared with graph-augmented approaches such as
GraphCoT, GraphRAG, and KGRAG, as well as agent-based meth-
ods like AdaptiveRAG and Agent-G, our method delivers clear
performance improvements, reaching 76.68% accuracy on Ope-
nAlex and 73.43% accuracy on DBLP. The improvements are partic-
ularly notable in Hit@1, indicating that query-aware planning and
sufficiency-aware retrieval lead to more reliable answer selection.

Ablation Study. Figure 2 and figure 3 report ablations for the
three agents in our method. Removing the Retrieval Agent yields
the largest performance drop, underscoring the importance of ex-
plicit query-type analysis and hop-budget planning. The Reranking
Agent also contributes substantially by enabling adaptive evidence
expansion when the initial subgraph is insufficient. Finally, the Ver-
ification Agent improves F1 and Hit@1 by checking entity, relation,
and attribute correctness against the retrieved subgraph. Overall,
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Table 1: Performance comparison of different models on
OpenAlex and DBLP.

Model OpenAlex DBLP
Accuracy  F1 H@1 Accuracy F1 H@1
Qwen 2.5 7B 48.63 4346  50.26 45.93 39.82  51.52
GPT o3 53.58 46.45  51.65 51.65 45.59  50.67
Vanilla RAG 54.36 48.92  63.27 52.14 46.82  65.43
GraphPrompter 59.28 52.46  62.23 57.63 49.25 67.21
GraphRAG 61.87 57.39  74.86 60.27 53.32  72.59
KGRAG 62.49 55.28  68.51 62.35 54.71 7348
GraphCoT 64.28 56.43  75.62 68.52 59.43  78.26
AdaptiveRAG 72.58 62.95  82.63 70.23 61.29  80.48
Agent-G 73.14 61.74 81.15 69.74 60.82  79.86
Ours 76.68 65.35 85.13 73.43 64.52 83.25

each agent contributes meaningfully to the method, and the full
agentic pipeline provides the most robust performance.
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Figure 2: Ablation study on OpenAlex
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Figure 3: Ablation study on DBLP

6 Conclusion

In conclusion, we introduced an agentic heterogeneous graph RAG
method for Academic QA that incorporates query-aware retrieval
planning, sufficiency-aware evidence control, and graph-grounded
answer verification. By explicitly agenticizing the three major steps
of the RAG pipeline, our method more effectively aligns retrieval
and verification with the structure of heterogeneous scholarly
graphs. Experiments on OpenAlex and DBLP demonstrate con-
sistent improvements over pure LLM baselines, graph-augmented
RAG systems, and agent-based retrieval methods.
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