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ABSTRACT Generalization to different Knowledge Graphs (KGs) is a core challenge of Knowledge
Graph Question Answering (KGQA). Current models struggle to adapt to unseen KGs due to their
underlying heterogeneity. Most approaches depend on data-hungry methods, such as supervised fine-tuning
and KG-specific few-shot demonstrations. These systems are limited in cross-KG generalization, and
may exhibit hallucination problems, especially in low-resource or domain-specific scenarios. This paper
presents STaRQ-Agent, an LLM-based multi-agent collaborative framework for the KGQA generalization
problem. It comprises a core agent for SPARQL query generation, accompanied by three supportive
agents for schema selection, template generation, and query refinement. This collaborative framework helps
mitigate hallucination problems inherent in LLMs. STaRQ-Agent was evaluated on LC-QuAD 1.0, QALD-
9, MetaQA, and MatKGQA datasets in few-shot and zero-shot settings. Experimental results demonstrate
strong overall generalization across diverse KGs, without requiring high-quality annotated data, re-training,
or fine-tuning. Specially, on LC-QuAD 1.0, QALD-9, and MetaQA, few-shot STaRQ-Agent outperforms
the strongest baseline by 5.1%, 4.3%, and 0.7%, while zero-shot STaRQ-Agent shows only modest F1
drops of 8.7%, 12.3%, and 10.8%. Moreover, the state-of-the-art results on MatKGQA show its robust
out-of-distribution generalization to novel KGs in low-resource specific domains.

INDEX TERMS Knowledge graphs, question answering, KGQA, generalizability.

I. INTRODUCTION
Knowledge Graph Question Answering (KGQA) aims to
access structured information by translating natural language
questions into formal queries over knowledge graphs (KGs),
such as DBpedia [1], Freebase [2], YAGO [3], and Wiki-
data [4]. KGQA’s wide application across various fields has
made it a long-standing research focus in both academia and
industry. An important direction in KGQA is generalization
across different KGs. Most existing methods assume the
availability of training data for a given KG. However,

The associate editor coordinating the review of this manuscript and
approving it for publication was Jenny Mahoney.

in practice, obtaining high-quality annotated natural language
question-SPARQL pairs is difficult and costly, especially for
low-resource specialized domains [5], [6], [7], [8], [9], [10].
For instance, in scientific domains such as healthcare [6],
materials science [8] and manufacturing [9], training data is
often entirely unavailable due to prohibitive collection costs
and stringent privacy regulations.

Recent LLM-based KGQA approaches [11], [12], [13],
[14], [15], [16] primarily rely on few-shot in-context
learning or supervised fine-tuning with target KG data.
ChatKBQA [14] first generates logical forms by fine-tuning
LLMs with question and logical form pairs in the KBQA
dataset, and then retrieves and replaces the entities and
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relations in an unsupervised method. RoG [16] first generates
KG-grounded relation paths as faithful reasoning plans via
the planning module, and employs these reasoning plans to
extract valid reasoning paths from the KG. However, these
methods remains training-intensive, i.e., requiring large scale
annotated QA pairs. Moreover, they generalize poorly to
unseen KGs due to the inefficacy of fine-tuning in low-
resource settings and the limited coverage of fixed in-context
examples.

While some methods invoke external functions to retrieve
KG elements such as entities, relations, and neighbours,
they lack a deeper understanding of the KG’s structural
semantics [17], [18]. Modular, multi-stage approaches [19]
have also been explored, but insufficient interaction between
modules often leads to pipeline errors that impair gener-
alization. A lack of interaction with the real environment
inevitably leads to hallucinated knowledge [15].
To address these challenges, we proposed STaRQ-Agent,

an LLM-based multi-agent collaborative framework that
focuses on Schema, Template, Question and SPARQL
for generalizable KGQA systems. STaRQ-Agent comprises
four distinct agents, each specializing in addressing a
specific subtask for the KGQA pipeline. To be specific, the
Template Designer (TD) generates an abstract intermediate
representation (i.e., SPARQL template) that reflects the
structural form of the question over the specific KG. The
Question Planner (QP) breaks down a complex question
into simple sub-questions and solves them with the guidance
of its SPARQL template. When necessary, the Schema
Analyst (SA) decomposes the whole KG schema into
smaller sub-schemas to mitigate the influence of irrelevant
information. Finally, the Query Inspector (QI) updates
the query based on execution feedback to correct errors.
To improve generalization, the TD employs a question-
type-driven approach to avoid hallucinating query templates
inconsistent with the target KG structure. Moreover, the QI
uses an external tool1 to execute the SPARQL query and
refine it from such interaction to the target KG.

The contributions of this work can be summarized as
follows:

• STaRQ-Agent, a multi-agent collaborative framework
for generalizable KGQA systems, was proposed.

• The experimental results on several KGQA datasets
demonstrated the strong generalization ability across
different KGs, without annotating data, re-training,
or fine-tuning.

• STaRQ-Agent’s performance on MetaQA and
MatKGQA datasets indicates its great potential to adapt
to unseen graphs in domain-specific settings.

• By execution-based interaction with the real-world
environment, STaRQ-Agent can mitigate knowledge
hallucination problems inherent in LLMs.

The remainder of this paper is organized as follows.
Section II reviews prior work onKGQA and its generalization

1https://pypi.org/project/SPARQLWrapper/

and LLM-based multi-agent frameworks. Next, Section III
describes the methodology to tackle the generalization chal-
lenge in KGQA. Then, Section IV describes the experimental
setup and implementation details, and Section V presents
the results and analysis. Section VI and Section VII discuss
the ablation study and error analysis. Finally, Section VIII
concludes the paper.

II. LITERATURE REVIEW
This section reviews prior studies on KGQA and its
generalization and LLM-based multi-agent collaboration
frameworks.

A. KGQA GENERALIZATION
Over the past years, several benchmarks [20], [21] have been
proposed to evaluate the generalization of modern KGQA
systems. Gu et al. [20] introduced a three-level taxonomy of
built-in generalization for KGQA – i.i.d., compositionality
and zero-shot – and proposed the GrailQA dataset and
evaluation protocols that systematically test each level. These
levels reveal how systems perform when encountering new
structures, new compositions, and new schemas.

Dutt et al. [21] observed that the zero-shot split of
GrailQA is biased toward simpler reasoning patterns, failing
to sufficiently challenge models’ true generalization abilities.
To solve this issue, Dutt et al. introduced GrailQA++, a new
zero-shot test set tailored to a more balanced distribution of
reasoning path complexities. This design ensures the test set
is substantially more challenging for contemporary KBQA
models.

Jiang et al. [22] argued that many current KGQA
approaches exhibit weak generalizability largely because
datasets are constructed under a standard i.i.d. assump-
tion (independent and identically distributed training and
test splits), which does not reflect real-world variation
and challenge scenarios. Instead of creating new datasets,
Trivedi et al. proposed a cost-free mitigation strategy: resplit-
ting existing datasets, such as LC-QuAD 1.0 [23] and
WebQuestionsSP [24], to support evaluation at compositional
and zero-shot levels.

To address cross-KB generalization, a challenge that
limits development and scalability of KGQA systems,
Ravishankar et al. [19] proposed a two-stage architecture that
explicitly separates KG-agnostic semantic understanding and
KG-specific execution. Omar et al. [25] presented KGQAn,
a universal framework that maps questions to SPARQL
queries via abstract representations and just-in-time linking.
However, these approaches often rely on annotated data or
lack collaborative modeling, limiting their applicability in
low-resource scenarios.

B. KGQA
Current studies on KGQA can be broadly categorized into
two main types: Information Retrieval (IR)-based methods
and Semantic Parsing (SP)-basedmethods. Recently, with the
remarkable reasoning capability of Large Language Models

VOLUME 14, 2026 59159



L. Jiang et al.: STaRQ-Agent-Investigating Generalization in KG Question Answering

FIGURE 1. Overview of the STaRQ-Agent framework comprising four agents.

(LLMs), many works integrate LLMs with KGs for KGQA
task. In this work, we primarily focus on SP-based methods
and LLM-based methods.

SP-based methods initially convert natural language
questions into structured logical forms (LFs) and then retrieve
the correct answers by executing the logical forms on
KGs. Early works [26], [27] conduct semantic parsing by
generating query graphs, which are an intermediate structured
representation that mirrors subgraphs of the underlying KGs
and can be directly mapped to logical forms. To effectively
narrow the search space and speed up the generation of
candidate query graphs, Lan and Jiang [28] incorporate
constraints into query graphs. Chen et al. [29] reduce noisy
graphs by using predicted query structures to guide candidate
graph generation. To address the problem of generating
non-executable logical forms, Yu et al. [30] propose integrat-
ing the LLM’s direct answer into the final answer. Pre-
trained language models are increasingly utilized to produce
executable logical forms, thereby enabling efficient querying
over knowledge graphs [7], [31], [32]. In this context,
essential components—such as entities, relations, subgraphs,
or textual descriptions extracted from the graph—serve as
auxiliary inputs to support logical form generation [33], [34].
LLMs-based methods unify the strong capability of

reasoning and actual and comprehensive factual information

that KGs provide to solve the KGQA task. Several
approaches [14], [15] use LLMs as semantic parsers that
produce an initial logical form for a given question,
subsequent to which entities and relations are retrieved from
the KG and substituted into the logical form. Recent works,
such as StructGPT [35], ToG [36], and KnowAgent [38] treat
LLMs as agents that conduct multi-turn interactions between
KGs and LLMs to arrive at the final answer. Another line of
LLMs-based approaches aims to integrate the knowledge of
KG into LLMs. RoG [16] samples reasoning paths from the
graph, integrates relational information from the knowledge
graph into the LLM, and produces reasoning trajectories
that guide the retrieval of relevant KG facts for inference.
GNN-RAG [37] employs a lightweight GNN to efficiently
extract KG information that supports LLM-based reasoning.

C. LLM REASONING PROMPT
Many prior studies have demonstrated that carefully designed
prompting strategies can substantially enhance the perfor-
mance of LLMs on a wide range of complex reasoning
tasks. [39], for example, show the effectiveness of prompts
constructed in an input-label pairing format, while [40]
investigate the impact of varying the number of in-context
examples and propose retrieving examples relevant to a
given test input for prompt construction. Nevertheless,
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due to the lack of sufficient contextual information, basic
prompts (e.g., ‘‘Generate a SPARQL query for the following
question’’) often lead to inaccurate inferences. To address
these limitations, several studies have focused on strength-
ening the reasoning capabilities of LLMs. Chain-of-Thought
(CoT) prompting [64], a gradient-free approach, encourages
models to produce intermediate step-by-step explanations
before outputting final answers, thereby improving reasoning
accuracy. Several follow-up studies proposed least-to-most
prompting [41], zero-shot CoT [42], and reasoning with self-
consistency [43] for solving complicated tasks. FAME [44]
employsMonte Carlo planning to construct reliable reasoning
trajectories, and methods such as RR [45] and KD-CoT [46]
further incorporate knowledge graph retrieval to derive more
faithful reasoning plans. Plan-and-Solve [47] guides LLMs
to explicitly generate a high-level plan and then perform
reasoning conditioned on that plan. ReACT [48] treats
LLMs as agents, which interact with the environment to
get the latest knowledge for reasoning. In KGQA task,
[49] first retrieves relevant facts from a knowledge graph
based on entity mentions in a question, then incorporates
these facts into the prompt to promote more faithful and
factually correct answers. DecomP [51] prompts models to
decompose a complex reasoning problem into a sequence
of simpler sub-tasks and solve them iteratively. Several
recent KGQA approaches instantiate these ideas at the
level of logical form generation. SymKGQA [52] uses
Chain-of-Symbol prompting to generate KoPL logical forms.
Interactive-KBQA [53] produces logical forms through
explicit interaction with the KG—decomposing the question
into sub-query triples. KB-Coder [13] generates code-style
S-expression representations, and KB-Binder [15] prompts
LLMs to generate a preliminary logical form as a draft using
exemplary demonstrations and then ground the entities and
relations on the KB.

D. LLM-BASED MULTI-AGENT FRAMEWORKS
Recent studies have investigated enhancing LLM perfor-
mance through collaboration among multiple agents. For
example, Zhuge et al. [54] introduced NLSOMs, a collabo-
rative framework where agents with different roles engage
in iterative interactions, known as ‘‘Mindstorms,’’ to address
complex tasks. In [55], a closed-loop framework - LATM
- was introduced to integrate large and small models with
external tools to optimize efficiency and cost. Meanwhile,
Park et al. [56] simulated a community of 25 agents to
explore emergent language-driven behaviors. In addition,
multi-agent collaboration is often applied to translating nat-
ural language queries into structured query languages, such
as SQL [57], [58], [59], GraphQL [60], and SPARQL [61].
Talaei et al. [57] proposed CHESS, a multi-agent framework
for efficient and scalable SQL synthesis. Liang et al. [60]
proposed NAT-NL2GQL, a multi-agent framework for
translating natural language into graph query languages.
Zong et al. [61] proposed Triad, a unified framework that

employed multiple LLM-based agents specializing in various
KGQA subtasks. Although the aforementioned Multi-Agent
Collaboration frameworks resemble ours and are capable
of generating SPARQL queries, they fail to consider the
shared structures and divergences among multiple KGs in
cross-KG scenarios, thereby constraining its generalization
capability across heterogeneous KGs, especially in low-
resource domain-specific scenarios.

FIGURE 2. Prompt template for schema analyst agent.

III. METHODOLOGY
To tackle the generalization challenge in KGQA, we pro-
posed STaRQ-Agent, a multi-agent collaborative framework
where specialized agents work together to generate SPARQL
queries, see Figure 1. STaRQ-Agent centers on a core
reasoning agent (Question Planner (QP)) and three supportive
agents, each focused on improving a specific aspect of the
query generation process. To be specific, Schema Analyst
extracts a question-relevant subset of the KG schema; Tem-
plate Designer constructs a SPARQL query template aligned
with the question structure; Question Planner decomposes the
question into stepwise sub-questions guided by the template;
and Query Inspector, which refines SPARQL queries using
execution-based feedback.

A. SCHEMA ANALYST
The KG schema serves as a declarative specification of
the knowledge graph’s structure and semantics, thereby
constraining the space of well-formed and semantically
meaningful SPARQL queries. In KGQA, each question
corresponds to a specific semantic structure, represented
as a SPARQL query graph pattern. Distinct questions may
share identical underlying query structures despite variations
in lexical and syntactic forms. Extracting question-relevant
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schema information from the KG schema is crucial for
identifying the semantic structure of a given question
[62], [63].

The purpose of this agent is to analyze the KG schema
S and select a minimal subset of schema items S ′ that
are semantically relevant to the question Q, from a KG G
consisting of a set of classes C and relations R (and entities E
optionally). Our motivation stems from the observation that
including excessive irrelevant schema items in the prompt
increases the risk of selecting incorrect schemas or generating
hallucinated content. Assuming a KG G with its own schema
S, this process can be described as follows:

S ′
= fanalyst (Q, S|M ) (1)

where fs(·|M ) denotes the function of the analyst prompt-
ing the LLM M . The prompt template is shown in
Figure 2. For the example question in Figure 1, the
output of this agent is a list of KG schema items
that are semantically relevant to that question – ‘con-
cepts: {‘‘Company,’’ ‘‘Person’’}, relations: {‘‘birthDate:’’
{‘‘domain:’’ ‘‘Person,’’ ‘‘range:’’ ‘‘Literal’’}, ‘‘spouse:’’
{‘‘domain:’’ ‘‘Person,’’ ‘‘range:’’ ‘‘Person’’}, ‘‘founders:’’
{‘‘domain:’’ ‘‘Company,’’ ‘‘range:’’ ‘‘Person’’}}’.

B. TEMPLATE DESIGNER
Given the data from the schema analyst (SA) agent, the
template designer (TD) agent generates a SPARQL template
T that represents the structural mapping of the question Q
against the target KG G. This process can be described as
follows:

T = fdesigner (Q, S ′
|M ) (2)

where, fdesigner is the function of template designer prompt-
ing the LLM M . The prompt template is shown in
Figure 3. For the example question in Figure 1, the
output of this agent is the SPARQL query template
– "SELECT ?ans WHERE { [ent] [rel] [var].
[var] [rel] [var]. [var] [rel]
?ans. FILTER [con] }".

In practical KGQA settings, user questions often involve
complex structures that demand multi-hop reasoning,
attribute filtering, and aggregation in the resulting SPARQL
queries. To ensure better structural generalization across
different KGs, we adopted a question-type-driven in-
context learning strategy. Specifically, in the prompt,
we included a generic SPARQL query template definition
from Jiang et al. [7], representative examples for each
question type (see Table 1), and detailed instructions for
generating a query template aligned with both the input
question and the KG schema.

The basic generation process is as follows. First, the model
determines the question type and refers to its corresponding
example template. Then, it refines the example template
based on the understanding of the question and the schema.
Repeat this step until the final template matches the predicted
question type and the schema. In the generation process,

FIGURE 3. Prompt template for template designer agent.

the agent should adhere to the following guidelines for
alignments: (1) Relation Alignment. The subject and object
of the relation placeholder [rel] in each triple pattern must
conform to the domain and range specifications defined in
the KG schema. For example, for the question ‘‘who founded
Apple Inc.?’’, if ‘‘founded’’ is defined with the founder as the
subject and the organization as the object—the triple pattern
should be "[var] [rel] [ent]" instead of "[ent]
[rel] [var]". (2) Triple Pattern Alignment. The
number of required triple patterns should correspond to the
reasoning path implied by the question and the KG schema.
For multi-hop questions, the minimum number of triple
patterns is 2. if a new question requires three-hop reasoning,
the model is instructed to add an additional triple pattern
of the form [var] [rel] [var]. If no linked entities
are available, the model is instructed to add an additional
triple pattern in the form of [var] rdfs:label [val]
for entity label matching, or include a constraint such as
FILTER [con] for string matching or regular expression
filtering. (3) Constraint Alignment. The required number
of constraints is determined by the model’s interpretation
of explicit and implicit conditions in the question and the
KG schema. If linked entities are not provided, the model is
instructed to include a FILTER [con] clause for string or
regex-based matching. For example, considering the question
in Figure 1 with a single constraint. Both the template and
final SPARQL query must include exactly one condition -
"FILTER ( year ( ?ans ) = 1985 )".

Considering the example question shown in Figure 1,
given relevant concepts and relations with their own domain
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and range from the output of Schema Analyst Agent, it is
recognized as ‘‘multiple hops with constraints’’ type with
3 hops and 1 constraint. The model refers to the example
template of the question type —"SELECT [var] WHERE
{ [ent] [rel] [var]. [var] [rel] [var].
FILTER [con] }", and generate its own query template
following a series of aforementioned guidelines. First, the
model starts from the placeholder of the linked entity
mentioned in the question - ‘‘Meta Platforms’’ and following
the Relation Alignment guideline, generates the correct triple
template - "[ent] [rel] [var]". Next, following the
Triple Pattern Alignment guideline, it produces the remaining
two triple patterns that align with the extracted schema
structure. Finally, following the Constraint Alignment
guideline, it outputs 1 filter constraint. Together, these
steps yield the final query template (see the output of
Template Designer in Figure 1). However, if the entity ‘‘Meta
Platform’’ is not identified, following both Triple Pattern and
Constraint Alignments, the template has to be modified to
"SELECT [var] WHERE { [var] [rel] [var].
[var] rdfs:label [var]. [var] [rel] [var].
[var] [rel] [var]. FILTER [con] FILTER
[con] }".

C. QUESTION PLANNER
Question Planner (QP) agent leverages the reasoning capa-
bility of LLMs to decompose complex questions into sub-
problems, solving each independently. It receives relevant
schema and the SPARQL query template for the target
KG from the Template Designer (TD), then performs
decomposition and sub-problem template filling iteratively
until all placeholders are resolved. The process can be
formally described as follows:

PM (Y |Q, S ′,T ) =

L∏
j=1

PM (Y j|Y<j
;Qj, S ′,T ) (3)

where, Qj and Y j are the j-th sub-question and its SPARQL
query generated by the LLMM given the previous SPARQL
query Y<j, the selected KG schema S ′, L is the number of
sub-questions. The prompt template is shown in Figure 4.

Question decomposition strategy follows a structured
progression: (1) single-hop questions containing the core
entities from the question, (2) multi-hop complex questions
building on prior results, (3) constrain-based complex
questions (filtering or aggregation). The template determines
the required decomposition and reasoning steps. Results
are merged by filling the corresponding triple patterns
or conditions into the output from the previous step in
the template. For the example question in Figure 1, its
decomposition follows this strategy and its the final SPARQL
query – "SELECT ?ans WHERE { Meta_Platforms
founders ?var1. ?var2 spouse ?var2. ?var2
birthDate ?ans. FILTER ( year ( ?ans ) =
1985 ) }".

FIGURE 4. Prompt tempalte for question planner agent.

Here, we employ Chain-of-Thought reasoning [64] to
decompose the question Q into sub-questions and populate
their corresponding components within the SPARQL tem-
plate. The agent begins by identifying an entity mentioned
in the question and selects relevant schema elements from
the KG to populate [ent], [rel], [var] and [cls] fields. It then
connects and completes the next related triples until all
placeholders are filled and the answer node is reached. If the
question includes constraints, it assigns values or expressions
to [con] based on its interpretation of the question. Consider
the example in Figure 1, at step 1, the agent starts from
the entity Meta Platforms and the first sub-question, and
begins by filling the template segment [ent] [rel] [var] with
Meta_Platforms founders ?var1. Next, the agent proceeds
from this point to identify the next connected triple pattern
[var] [rel] [var], and then fills it with ?var1 spouse ?var2.
This process continues until all placeholders in the template
have been fully instantiated.

D. QUERY INSPECTOR
LLMs generate hallucinations that undermine both grammat-
icality and faithfulness, leading to possible failures during
execution [65]. To mitigate this issue, a verifier is needed
to evaluate the syntactic and semantic correctness of the
generated queries and revise them based on the detected
errors. The objective of this agent is to correct and produce a
valid SPARQL query that accurately answersQ. This process
can be formally described as follows:

Y = finspector (E,Y ′,Q, S ′
|M ) (4)

where finspector (·|M ) denotes the function of Query Inspector
prompting the LLM M . The prompt template is shown
in Figure 5. For the example question in Figure 1,
the output is the new SPARQL query without any
errors – "SELECT ?ans WHERE { Meta_Platforms
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FIGURE 5. Prompt template for query inspector agent.

founders ?var1. ?var2 spouse ?var2. ?var2
birthDate ?ans. FILTER ( year ( ?ans ) =
1985 ) }".

As shown in Figure 1, the Query Inspector iteratively
validates SPARQL queries by checking syntax, execution
feasibility, and non-empty results from the target KG. This
process continues until reaching the maximum attempt limit
or obtaining a syntactically correct query with valid results.
Its goal is self-checking and self-correction, significantly
enhancing framework robustness and accuracy while reduc-
ing syntax errors, schema linking issues, and other basic
failures.

IV. EXPERIMENTAL SETUP
A. KGS AND DATASETS
For the KGQA generalization evaluation, we used DBpedia
[1], MatKG [8], MoviesKG [66] as target KGs, and evaluate
our method with MetaQA [67], MatKGQA [68], LC-QuAD
1.0 [23] and QALD-9 [69].

B. METRICS AND MODELS
We used Mixtral-8x7b-Instruct [70] and GPT-4.5 [71] as
LLM backbone. Due to cost constraints, we evaluated
STaRQ-Agent on MetaQA using only Mixtral-8x7b-Instruct.
We used F1-score as evaluation metric.

C. BASELINE METHODS
We compared STaRQ-Agent with the following baselines
and their variants in the full-shot, few-shot and zero-shot
settings: 1) BYOKG [68], an unsupervised QA system
with a symbolic agent randomly exploring the target KG.
2) NSM [72], a KGQA method trained on teacher-student
networks. 3) Pangu [33], a KGQAmethod that uses language
models to discriminate plans generated by a symbolic agent.

4) Triad [61], a multi-agent framework with a few-shot
prompt learning. 5) gAnswer [26], a subgraph matching
based QAmethod over RDFKGs. 6)EDGQA [73], an Entity
Description Graph (EDG) based question decomposition for
complexKGQA. 7)KGQAn [25], a universal QA framework
thatmaps questions to SPARQLqueries via abstract represen-
tations and just-in-time linking. 8)GPT-4 [71], a large-scale,
multimodal model developed by OpenAI team.

D. IMPLEMENTATION DETAILS
Weconducted all experiments onNVIDIARTXA6000GPUs.
We used the DBpedia 2016-10 release2 for LC-QUAD
and QALD-9, and MatKG and MoviesKG dumps from
Agarwal et al. [68]3 for MatKGQA and MetaQA, respec-
tively. Each KG is deployed with a local SPARQL
query endpoint via Virtuoso to support answer retrieval.
The temperature of GPT-4.5 is set to 0.1. For entity
linking, we used spacy dbpedia spotlight4 for LC-QuAD
1.0 and QALD-9, and a simple string pattern matching
approach for MetaQA. For MatKG, we used gold entities.
To reduce redundant and irrelevant schema items, we employ
a pre-processed simplified ontology for LC-QuAD and
QALD-9. Using Sentence-BERT, we calculate semantic
similarity between questions and schema items, retaining
only those above a predefined threshold.

V. EVALUATION AND RESULTS
In this section, we conducted a series of experiments to
evaluate the effectiveness of STaRQ-Agent in improving
generalization of KGQA systems. To this end, we compared
STaRQ-Agent to baselines under three settings: (1)Full-shot,
where the model is trained on a large annotated dataset from
the target KG; (2) Few-shot, where the model is trained
on a limited amount of labelled data or provided with only
a few in-context examples; and (3) Zero-shot, where the
model receives no labelled data or in-context examples from
the target KG during inference. Note that, in the few-shot
setting, a small number of examples from the target KG are
included, while in the zero-shot setting only a demonstration
KG schema along with a single corresponding example is
included. The full-shot setting is to indicate the upper bound
of performance.

A. GENERALIZATION PERFORMANCE COMPARISON
We observe that from the primary experimental results shown
in Tables 2, 3 and 4:
STaRQ-Agent exhibits strong overall generalization across

various KGs: On LC-QuAD 1.0 (DBpedia), QALD-9
(DBpedia), MetaQA (MoviesKG), andMatKGQA (MatKG),
we find that STaRQ-Agent, in both few-shot and zero-shot
settings, performs the best, showing strong generalization

2https://downloads.dbpedia.org/2016-10/
3https://drive.google.com/drive/folders/1YfGmENowy3H1meysBi4AG7

oyY2fHITDz
4https://spacy.io/universe/project/spacy-dbpedia-spotlight
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TABLE 1. Categories for questions of varying SPARQL query complexity.

TABLE 2. Results of F1 scores on LC-QuAD 1.0 and QALD-9 with a general
KG – DBpedia, using GPT-4.5.

TABLE 3. Results of F1 scores on MetaQA with a domain-specific KG –
MoviesKG, using Mixtral-8 × 7b-Instruct.

across various KGs, without the need for re-training or fine-
tuning. Specifically, in the few-shot setting, STaRG-Agent
results in 2.9 and 1.8 F1 improvements on LC-QuAD 1.0 and
QALD-9, respectively.
Few-shot STaRQ-Agent is comparable or superior to

full-shot SOTA models: On LC-QuAD 1.0, few-shot STaRQ-
Agent achieves an F1 score of 59.3, outperforming the
full-shot methods, i.e., EDGQA (53.1) and KGQAn (51.6).
On QALD-9 and MetaQA, few-shot STaRG-Agent achieves
near-SOTA results, close to the best-performing full-shot
method (KGQAn and NSM-FT, respectively).

TABLE 4. Results of F1 scores on MatKGQA with a domain-specific KG –
MatKG, using GPT-4.5.

Explicit KG-specific information matters: On LC-
QuAD 1.0, QALD-9, and MetaQA, few-shot STaRQ-Agent

performs relatively better than the zero-shot variant –
(59.3/54.1, 43.4/38.03, 98.01/87.40), with 5.2, 5.37, and
10.69 F1 gains, respectively, indicating that the integration
of KG-specific information improves generalization perfor-
mance on that target KG.
Zero-shot STaRQ-Agent shows strong out of distribution

generalization: Compared to the few-shot STaRQ-Agent,
the zero-shot variant yields F1 score decreases of 5.2,
5.97, and 10.61 points on LC-QuAD 1.0, QALD-9, and
MetaQA, respectively. It also achieves the SOTA result
– 64.70 F1 on MatKGQA (MatKG) in Table 4. These
findings demonstrate the zero-shot STaRQ-Agent’s robust
out-of-distribution (OOD) generalization capabilities and
underscore the value of the proposed schema-guided,
adaptive SPARQL query template design, which supports
reliable generalization to unseen query structures. As shown
in Table 5, this generalization manifests distinctly across
question types. For single-hop questions, the pattern Q1→Q2
hinges on whether the identified entity’s class belongs
to the domain or range of the relevant relation, thereby
determining its role as subject or object. This capability
extends to complex questions in Table 1 as well: the
Q3→Q5 pattern is governed by the number of identified
entities, whereas Q3→Q6 depends on the number of relevant
relations. Generalizing to unseen query structures relies on
both the complexity of the question and the relevant schema
items.

B. ROBUSTNESS ANALYSIS
Robustness is closely tied to data distribution. Distri-
butional shifts from general-purpose knowledge graphs
to domain-specific ones significantly impact the robust-
ness in KGQA systems. We assess the robustness of
our proposed method when generalizing to previously
unseen domain-specific knowledge graphs. In particu-
lar, we analyze the ability of Template Designer to
generalize to novel SPARQL query structures. Table 6
presents the accuracy of Template Designer in pre-
dicting SPARQL query structures on MatKGQA across
different distributional settings. IID refers to test ques-
tions whose templates mach those in-context demonstra-
tions (as shown in Table 1). Notably, for single-hop
questions, "SELECT [var] WHERE { [ent] [rel]
[var]. }" differs from "SELECT [var] WHERE {
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TABLE 5. Question examples where in-distribution (IID) templates generalize to out-of-distribution (OOD) templates, under the guidance of schema
items. Entity mentions and their corresponding placeholders in the templates are underlined, and relation mentions and their corresponding placeholders
are italicized. The ‘‘Schema Items’’ column lists the relations mentioned in the question along with their domain and range, as well as the entities and
their corresponding classes.

TABLE 6. Accuracy of template designer on MatKGQA in predicting
SPARQL query structures across different distributional settings.

TABLE 7. F1 scores of STaRQ-Agent ablation study on LC-QuAD 1.0 test
set.

[var] [rel] [ent]. }", and similarly for multi-hop
questions, "SELECT [var] WHERE { [ent] [rel]
[var]. [var] [rel] [var]. }" differs from
"SELECT [var] WHERE { [var] [rel] [var].
[ent] [rel] [var]. }", as these represent distinct
underlying graph structures.

As shown in Table 6, STaRQ-Agent achieves an overall
accuracy of 81% in predicting OOD SPARQL query
structures, demonstrating robust generalization capabilities to
unseen query structures. Furthermore, when examined from
the perspective of question complexity, both IID and OOD
accuracy exhibit a consistent decline as question complexity
increases.

TABLE 8. The percent of generated SPARQL queries containing
hallucinated entity names and relations on MatKGQA.

VI. ABLATION STUDY
Table 7 shows the zero-shot ablation results for STaRQ-Agent
on the LC-QuAD 1.0 set, comparing different variants with
or without specific components. The findings show that
removing the Query Inspector and Schema Analyst from
the STaRQ-Agent model leads to a significant performance
decline, highlighting their importance in reducing noise and
improving generation accuracy for large-scale, ontology-
rich general KGs. The ablation study indicates that each
component of STaRQ-Agent model plays a crucial role in
achieving high accuracy, as its removal resulted in decreased
performance.

LLMs are prone to hallucinate non-existent entity names
and relations when applied to KGQA tasks. We further
analyze the effectiveness of Query Inspector in alleviating
hallucinations.We compute, in both the presence and absence
of Query Inspector, the percent of generated SPARQL
queries containing hallucinated entity names and relations
on MatKGQA. As reported in Table 8, incorporating Query
Inspector leads to a 35% reduction in hallucinated SPARQL
queries compared with the setting without it. This finding
indicates that execution-based interaction with the real-world
environment can enhance the faithful reasoning of LLMs.

VII. ERROR ANALYSIS
To assess the limitations of STaRQ-Agent, we analyzed error
types using these KGQA datasets, as shown in Figure 6.
Typical examples of different error types are shown in
Table 9.
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TABLE 9. Different types of error cases.

Schema linking errors are the most frequent (28%)
and arise when schema items are incorrectly recognized,
either due to limitations of external linking components
or misunderstanding of the question. This highlights the
need to improve both linking accuracy and the use of
richer contextual signals. In the case of question Q5 in
Table 9, for example, interpreting ‘‘pump’’ as a material,
our model incorrectly associates the relation triggered
by ‘‘pump’’ with "<material.application>", even though it
correctly predicts the underlying template and identifies
"<application.application>" as one of relevant schema items.

Schemamissing errors (22%) occur when the analyst agent
(SA) fails to detect all the required schema elements, leading
to incomplete SPARQL queries. For questions Q3 and Q4 in
Table 9, our model does not identify the relation "<descrip-
tor.symmetry_phase>" because ‘‘mesenchymal stem’’ is
misinterpreted as a material in Q3, and it also overlooks
the relation ‘‘foaf:name’’ from the external FOAF ontology
in Q4.

Structure errors (17%) refers to failures in selecting
an appropriate SPARQL query template that reflects the
structural requirements of the question. For question Q1 in

FIGURE 6. Error distribution across all KGQA datasets.

Table 9, our model predicts its SPARQL query with only
two triples, whereas the gold query consists of three triples.
Together with schema missing errors, these cases suggest
that a more thorough and precise understanding of both the
question and the KG schema is required.

Complex syntax errors (9%) are associated with questions
that demand advanced SPARQL constructs (e.g., UNION,
OPTIONAL) not covered by the predefined template set,
illustrating the difficulty of handling long-tail query patterns.
For question Q2 in Table 9, our model fails to produce the
final SPARQL query involving grouping and ordering of
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the result set, which exceeds the expressive capacity of our
current structural templates.

Expression errors (13%) concern cases with complex
constraints, where the model often struggles to generate
accurate expressions. In question Q6 in Table 9, for instance,
our model does not correctly produce the filter expression
that combines two string-matching conditions with a logical
AND, namely ‘‘FILTER (contains (str(?sub), "2008’’) &&
contains (str(?sub), ‘‘Olympics’’))". Complex syntax and
expression errors together underscore the importance of
developing a richer collection of reusable templates and
expression patterns to better cover diverse query require-
ments.

Other errors (9%) pertain to content-level issues, where the
model hallucinates facts that are not supported by the KG.
For question Q7 in Table 9, this manifests as the generation
of a non-existent entity. This highlights the need for reliable
solutions to mitigate hallucinations.

VIII. CONCLUSION AND FUTURE WORK
In this work, we proposed an LLM-based multi-agent
collaborative framework, STaRQ-Agent, with an emphasis
on Schema, Template, Question, and SPARQL, for KGQA
generalization. Its generalization ability across diverse KGs
was evaluated. Therefore, general and domain-specific KGs
of varying sizes can be used — without requiring annotation,
retraining, or fine-tuning. STaRQ-Agent performs competi-
tively in both zero-shot and few-shot settings, demonstrating
that our proposed method can achieve strong generalization
across diverse KGs, and explicit incorporation of KG-specific
information aids adaptability. Ablation studies confirm the
effectiveness of the multi-agent collaborative workflow in
boosting accuracy and generalization. Notably, STaRQ-
Agent generalizes particularly well to domain-specific, low-
resource KGs.

Limitations. 1) The prompts used by the agents may
be suboptimal and could benefit from further refinement.
2) While our template design captures most structural
patterns shared by different knowledge graphs, it falls
short on handling more complex queries, such as those
with UNION or nested SELECT constructs. 3) In the
few-shot setting, generalization could be further improved by
retrieving multiple similar questions as in-context examples.
4) Hallucinations still occur at times, despite mitigation
efforts. Future directions may use a symbolic verifier to
explore the KG.
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