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Abstract

Large language models (LLMs) have advanced geospatial artificial intelligence; how-
ever, geospatial knowledge-base question answering (GeoKBQA) remains underdevel-
oped. Prior systems have relied on handcrafted rules and have omitted the splitting of
datasets into training, validation, and test sets, thereby hindering fair evaluation. To ad-
dress these gaps, we propose a prompt-based multi-agent LLM framework (based on
GPT-4o) that translates natural-language questions into executable GeoSPARQL. The
architecture comprises an intent analyzer, multi-grained retrievers that ground con-
cepts and properties in the OSM tagging schema and map geospatial relations to the
GeoSPARQL/OGC operator inventory, an operator-aware intermediate representation
aligned with SPARQL/GeoSPARQL 1.1, and a query generator. Our approach was evalu-
ated on the GeoKBQA test set using 20 few-shot exemplars per agent. It achieved 85.49 EM
(GPT-4o) with less supervision than fine-tuned baselines trained on 3574 instances and
substantially outperformed a single-agent GPT-4o prompt. Additionally, we evaluated
GPT-4o-mini, which achieved 66.74 EM in a multi-agent configuration versus 47.10 EM with
a single agent. The observations showed that the multi-agent gain was higher for the larger
model. Our results indicate that, beyond scale, the framework’s structure is important;
thus, principled agentic decomposition yields a sample-efficient, execution-faithful path
beyond template-centric GeoKBQA under a fair, hold-out evaluation protocol.

Keywords: geospatial knowledge bases; knowledge-base question answering; large language
models; multi-agent systems

1. Introduction
The rapid evolution of large language models (LLMs) has fundamentally transformed

natural-language processing (NLP), marking a paradigm shift toward more sophisticated
human–computer interaction capabilities. Contemporary LLMs demonstrate exceptional
performance across diverse language tasks and exhibit remarkable proficiency in language
comprehension, reasoning, and text generation [1]. The emergent abilities observed in
large-scale models, including complex multi-step reasoning and instruction following,
have sparked unprecedented interest in applying these capabilities to specialized domains
beyond general-purpose NLP [2].

In particular, in the geospatial domain, the integration of artificial intelligence (AI)
within geographic information science, commonly termed geospatial AI (GeoAI), is
rapidly emerging as a method to enhance spatial data analysis and address geographic
problems [3,4]. This interdisciplinary domain encompasses the development of spatially
explicit AI techniques aimed at addressing challenges in geographic-knowledge discovery
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and spatial reasoning. Recent studies have initiated the integration of LLMs in GeoAI appli-
cations, suggesting significant potential; however, this field remains in the early exploratory
phase [5,6].

One line of inquiry has examined the degree to which LLMs encode geographical
knowledge. For example, Manvi et al. [7] demonstrated that LLMs embed rich spatial
information about locations; however, they noted that simply prompting LLMs with
coordinates is insufficient for accurate predictions. Accordingly, they proposed a GeoLLM
approach that augments LLM prompts with auxiliary OpenStreetMap (OSM) data to predict
variables such as population density and economic livelihoods, achieving performance on
par with or exceeding that of satellite-based methods. These findings suggest that LLMs
implicitly contain geospatial knowledge and can be effective for spatial tasks when they
are provided with the appropriate context.

In addition to examining the geospatial knowledge inherently encoded in LLMs, recent
research efforts have focused on explicitly extending LLM capabilities to geospatial applica-
tions through three primary approaches: (i) enabling LLM-driven use of geographic infor-
mation system (GIS) tools [8,9], (ii) developing retrieval-augmented generation (RAG) [10]
tailored to geospatial content [11], and (iii) implementing natural language interfaces to
geospatial databases [12,13]. Across these approaches, studies have adopted different
modeling strategies to operationalize LLMs for geospatial tasks. Some systems rely on
task-specific fine-tuning of LLMs to equip them with GIS-specific knowledge and tool-use
capabilities [8,9], whereas others employ multi-agent system architectures that decompose
geospatial workflows into coordinated subtasks [12,13].

Despite the extensiveness of existing GeoAI research, geospatial knowledge-base
(KB) QA (GeoKBQA) remains relatively underexplored. GeoKBQA, also termed factoid
GeoQA, refers to the task of answering natural-language questions by querying a geo-
graphic KB, often via a formal query language such as GeoSPARQL. Traditional KBQA
has been extensively studied in NLP; however, GeoKBQA poses additional challenges,
such as interpreting spatial relationships and functions (e.g., “within 200 m” and “nearest
to”). Early studies on GeoKBQA addressed these challenges by using rule-based semantic
parsing. Punjani et al. [14] pioneered the first GeoKBQA system using handcrafted tem-
plates to map natural-language questions to GeoSPARQL queries. They introduced the
GeoQuestions201 benchmark, which contains 201 geospatial questions paired with the
corresponding SPARQL/GeoSPARQL queries. Although this template-based approach
provides a proof of concept, it has limited flexibility and coverage; templates can handle
only a narrow set of question patterns, and their effectiveness decreases with increasing
question complexity. Subsequent studies have attempted to improve template robustness
by incorporating neural network-based components. Hamzei et al. [15] employed deep
neural networks (e.g., BERT-based encoders) to better understand question semantics;
however, they continued to rely on template-driven query construction. This hybrid ap-
proach showed improved accuracy over purely manual rules but remained constrained
by the underlying templates. More recently, Kefalidis et al. [16] expanded the GeoKBQA
benchmark to 1089 questions (GeoQuestions1089) to cover a wider range of linguistic
variations and spatial-reasoning challenges. In addition, they developed an enhanced
version of their earlier GeoQA system [14], called GeoQA2. GeoQA2 demonstrated im-
proved performance compared to the system described in [15]; however, some areas require
further refinement. A key limitation of these systems, including GeoQA2, is their con-
tinued reliance on handcrafted rules, which limits their flexibility and scalability. This
reliance on rule-based mechanisms highlights the need for a paradigm shift in GeoKBQA,
analogous to the transition toward neural semantic parsers in general KBQA systems. In
their comparative analysis, Kefalidis et al. [16] tested GPT-4 as an alternative to GeoQA2.
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Although prompting-based methods using GPT-4 showed some potential, the difference in
performance between the two approaches was not significant. Consequently, they opted to
continue with the GeoQA2 system, leaving improvements in GPT-4 performance as a topic
for future research. This finding further emphasizes the need for more advanced, adaptable
solutions beyond template-based approaches, moving towards neural models capable of
generalizing across diverse linguistic and spatial contexts.

A significant step in this direction was achieved by Yang et al. [17], who proposed
the first fully neural GeoKBQA system. Rather than relying on templates, their system
used a sequence-to-sequence model (T5) [18] to directly translate natural language into
GeoSPARQL queries, incorporating a neural entity linker (ELQ) [19] to manage entities.
In addition, they released a new GeoKBQA dataset comprising 4468 questions grounded
in OSM data, marking a substantial departure from previous methods. This neural-based
approach demonstrates the potential of leveraging deep learning over manual rule-based
coding for geospatial QA. Crucially, Yang et al. [17] emphasized the importance of splitting
the dataset into training, validation, and test sets for a fair evaluation, a practice that
has been largely overlooked in earlier GeoKBQA approaches [14–16]. The datasets must
be separated, even for rule-based systems, to ensure that the rules are derived solely
from the training set rather than being tuned to overfit the entire dataset. This practice
of dataset separation—which is well-established in machine learning, as articulated by
Goodfellow et al. [20]—ensures that models are assessed based on their ability to generalize
to unseen data.

In summary, although recent advances have extended LLM capabilities to geospatial
applications—primarily through task-specific fine-tuning or multi-agent system designs—
most existing GeoKBQA research still relies heavily on rule-based approaches for handling
geospatial questions over geospatial knowledge bases. In this study, we propose a novel
GeoKBQA approach that fills this gap by leveraging LLMs through a multi-agent system ar-
chitecture, and we evaluate its performance on the test set used by Yang et al. [17] to ensure
a fair comparison. Rather than fine-tuning a smaller dedicated model or relying on rigid
templates, we orchestrate a team of LLM-based agents that collaborate to convert language
questions into GeoSPARQL queries. Our approach was inspired by recent successes in ap-
plying multi-agent LLM frameworks to complex tasks, where decomposing a problem into
specialized subtasks has significantly enhanced performance and interpretability [21,22].
Specifically, we design agents to handle different aspects of the query-translation process:
one agent analyzes the user’s question to decompose their intent (e.g., identifying if the
query asks for a spatial relationship, count, specific attribute, etc.), whereas other agents fo-
cus on retrieving the relevant ontology concepts (concepts, properties, and spatial relations)
and constructing subqueries. These agents communicate and pass partial outputs, and the
final agent assembles a complete GeoSPARQL query. By decomposing the task, the system
reduces the cognitive load on any single agent (or prompt) and allows for targeted prompts
for each subtask. This multi-stage, multi-agent strategy for query generation draws from
both the KBQA literature (e.g., the retrieval and generation framework for multi-stage query
generation) and the emerging paradigm of multi-agent pipelines in GeoAI [12,13]. Our
system follows a similar concept but is uniquely tailored to querying knowledge graphs
via GeoSPARQL, which presents challenges such as mapping to a predefined ontology and
adhering to the SPARQL syntax. To the best of our knowledge, this is the first approach that
employs a multi-agent LLM framework for GeoKBQA rather than extensive fine-tuning.

The contributions of this study are as follows:

1. We propose a multi-agent system capable of converting natural language into
GeoSPARQL queries.
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2. We empirically demonstrate that multi-agent systems outperform single-agent sys-
tems, highlighting the necessity of multi-agent systems for GeoKBQA.

3. We design a multi-agent system pipeline based on domain knowledge in GIScience
and the design principles of SPARQL/GeoSPARQL, and we conduct ablation studies
to demonstrate the importance of each component.

The remainder of this paper is organized as follows: Section 2 reviews prior research
related to QA over GeoKB and the transition from LLMs to multi-agent systems. Section 3
outlines the multi-agent system pipeline and provides detailed explanations of each agent
in the process. Section 4 presents the experimental setup, results, and analysis of our system.
Finally, Section 5 concludes the paper with a summary of our findings and suggestions for
future research.

2. Related Works
2.1. LLMs for Geospatial Applications

Building on the broader trend of integrating LLMs into geospatial workflows, re-
cent studies have explored several directions for enhancing their geospatial capabilities.
These include enabling LLMs to operate GIS tools [8,9], leveraging RAG for domain-
specific knowledge access [11], and developing natural-language interfaces for geospatial
databases [12,13]. Several studies have fine-tuned LLMs or developed specialized models
to operate GIS software tools, enabling the models to perform complex spatial analyses
by invoking mapping and geoprocessing functions. This advancement addresses the key
limitation of typical LLMs, which are trained on general text and lack knowledge of GIS-
specific operations and data formats. For example, Wei et al. [8] introduced GeoTool-GPT,
an LLaMA-2 [23] model fine-tuned with thousands of geospatial instructions, to master
common GIS tasks. They curated a comprehensive instruction dataset and used instruc-
tion tuning to train the model for the use of GIS functions. The resulting GeoTool-GPT
system can autonomously solve mapping problems by chaining tool operations, and its
performance is comparable to that of GPT-4 [24] on expert-designed GIS benchmarks. Simi-
larly, Zhang et al. [9] developed GTChain, a geospatial LLM trained using a self-instruct
framework to generate multi-step tool-use sequences. Starting from a seed set of example
tasks, they simulated diverse geospatial problems and their corresponding tool chains
and subsequently fine-tuned LLaMA-2 on these data. The fine-tuned GTChain model
demonstrated expert-level proficiency in tool use, effectively executing the provided GIS
tools to solve tasks, achieving a success rate exceeding that of GPT-4 by more than 30% on
a geospatial-task benchmark. These tool-using LLMs illustrate that with domain-specific
training, LLMs can approach or even surpass general models, such as GPT-4, in specialized
GIS workflows.

Another approach integrates LLMs with external text corpora and domain knowledge
to improve geographic question answering (QA). Wang et al. [11] proposed GeoRAG, which
couples an LLM with a geospatial-literature corpus through RAG [10]. They constructed a
structured knowledge base from 3267 geography documents, including research papers
and technical reports, categorized into key thematic dimensions of geographic knowledge.
Upon receiving a query, GeoRAG uses a multi-step process: initially, a classifier identifies
the topical dimension of the question, relevant documents are then retrieved from the cor-
pus, and specially designed GeoPrompt templates inject the retrieved facts into the prompts
of the LLM. The combination of prompt engineering and domain retrieval significantly
improves the accuracy of geographic QA. Evaluations showed that GeoRAG outperformed
standard LLM baselines, demonstrating more precise and context-rich answers and effec-
tively validating the hypothesis that augmenting LLMs with domain-specific texts can
overcome the knowledge gaps. The GeoRAG approach highlights the potential of retrieval
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augmentation to provide LLMs with up-to-date geographic information and terminology,
thereby significantly improving their performance in addressing spatially oriented queries.

The final example involves the use of LLMs to query and manipulate geospatial
databases using natural languages. Researchers have combined LLM reasoning with tool
use and searches to translate user questions into formal GIS database queries. For example,
Peng et al. [12] developed a novel method that integrates RAG with a multi-agent LLM
system to generate SQL queries for geospatial databases. Their system leverages GIS
metadata and external knowledge to enrich the understanding of the LLM and employs
a team-of-agents approach to break complex questions into manageable subtasks. Each
subtask is handled by specialized agents; for example, one agent may identify relevant
tables/attributes, another may formulate the query syntax, and the system ultimately
assembles a final SQL query that reflects the user’s intent. This strategy yields syntactically
correct and contextually precise SQL queries, achieving over 80% accuracy in translat-
ing natural questions into SQL and outperforming single-LLM baselines on large-scale
geospatial datasets. Similarly, Feng et al. [13] designed a multi-agent LLM framework
for a GeoQA portal, enabling nonexperts to interact with geospatial data using everyday
language. Their approach decomposes user queries into subtasks handled by different
agents (e.g., locating relevant data and performing analysis) and uses a semantic search
on geospatial data catalogs to retrieve information even when queries use informal terms.
The system subsequently returns answers with supporting maps or descriptions while
displaying the task plans of the agents for transparency. User studies have shown that this
multi-agent LLM portal markedly lowers the barrier to geospatial data access, enabling
users unfamiliar with GIS or SQL to obtain correct answers and visualizations for complex
spatial questions.

2.2. Question Answering over Geospatial Knowledge Base

GeoKBQA has attracted growing interest in addressing place-centric questions that
require nontrivial spatial-reasoning capabilities, which are not adequately supported by
conventional factoid QA systems [14–17]. A foundational resource for early work was
GeoQuestions201, a dataset interlinked with DBpedia, OSM, and the GADM database of
global administrative areas, which provided an initial testbed for GeoKBQA. However,
its scale and composition imposed clear limitations: only 201 questions were largely au-
thored by third-year students, with scenarios skewed toward relatively simple geographic
information needs. These characteristics constrained its usefulness for advancing meth-
ods to real-world heterogeneous queries and probing the ability of systems to generalize
across varied linguistic forms and spatial operators. The subsequent GeoQuestions1089
dataset offered a substantial improvement in both volume and semantic/linguistic diffi-
culty, introducing questions that required a richer natural-language understanding and
explicit GeoSPARQL proficiency. However, methodological issues remained unresolved.
Because both datasets relied on fully human-authored questions, they inherited restrictions
in scalability, paraphrase diversity, and coverage of schema items and spatial relations
(e.g., qualitative topological predicates and quantitative distance constraints). This manual
curation is valuable in controlled settings. However, it limits the coverage and reduces the
external validity of open-world evaluations.

To address these limitations, Yang et al. [17] introduced the GeoKBQA dataset, com-
prising 4468 geographically focused questions paired with gold-standard GeoSPARQL
queries and entity annotations. Using GeoQuestions1089 as a seed, the authors constructed
geospatial-question templates and systematically substituted entities, classes, and spatial
functions to broaden the schema and operator coverage. Subsequently, they paraphrased
the generated questions using ChatGPT (GPT-3.5-Turbo) to enrich the linguistic variability.
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Once the templates were fixed, the pipeline became automated, yielding a substantially
larger and more diverse corpus suitable for benchmarking and training neural models
that benefit from scale. Equally important, unlike GeoQuestions201/1089, the dataset
was explicitly partitioned into training, validation, and test sets, enabling fairer compar-
isons, discouraging handcrafted rule engineering on test items, and aligning GeoKBQA
evaluation with standard machine learning practice. Below, we discuss the evaluation
considerations pertinent to the system-level comparisons.

GeoKBQA is commonly formulated as a semantic parsing problem, where a natural-
language question is translated into an executable SPARQL/GeoSPARQL query. Impor-
tantly, the nature of GeoKBQA is that a correct executable program typically requires
joint grounding of multiple semantic elements that are explicitly represented in early
GeoKBQA engines [14–16]: (i) instances (place/POI entities mentioned or implied by the
question), (ii) concepts (feature types/classes such as restaurant, river), (iii) properties
(attribute constraints and qualifiers, including numeric and comparative conditions), and
(iv) geospatial relations/operators (topological predicates and distance-based constraints
that must be evaluated over geometries). This joint grounding view makes GeoKBQA
fundamentally a multi-component mapping problem, where errors in any one element can
lead to non-executable or semantically invalid queries. Accordingly, prior systems have
often adopted modular pipelines that explicitly identify these elements and then compose
them into GeoSPARQL, providing a concrete basis for discussing both task requirements
and methodological trade-offs.

Early work, notably [14], introduced one of the first geospatial QA engines, featuring
a template-based translator that maps text to a predefined query template. Building on the
Frankenstein framework [25], we establish a pipeline comprising a dependency parse/part-
of-speech (POS) module, concept identifier, instance identifier, geospatial-relation identifier,
SPARQL/GeoSPARQL query generator, and query executor. The dependency component
produces POS tags and a dependency tree for each question. The concept identifier detects
user-specified feature types and aligns them to classes in DBpedia, GADM, and the OSM
ontology; for example, for the question “Which restaurants are near Big Ben in London?”,
restaurants were mapped to an osmo:Restaurant. The instance identifier recognizes the
mentioned entities (e.g., Ireland, Dublin, or Shannon) by leveraging Stanford NER [26]
and the AGDISTIS linker [27], which exploits hand-engineered features derived from the
knowledge-graph structure and string similarity. The geospatial-relation identifier targets
both qualitative predicates (e.g., borders) and quantitative constraints (e.g., at most 2 km
from the specified location) via dictionary matching. Finally, the query generator assembles
SPARQL/GeoSPARQL using handcrafted templates. Although effective for basic geospatial
questions, this rule-centric design exhibits limited flexibility and coverage; it is not robust
to paraphrasing and compositional variation, scales poorly to diverse schema items and
spatial operators, and cannot generalize to more complex real-world queries.

Building on these foundations, Hamzei et al. [15] proposed a workflow that extracts
a structured semantic encoding as the intermediate representation for compiling natural-
language questions into SPARQL/GeoSPARQL. Importantly, the components that earlier
systems implemented as separate identifiers (e.g., instance/concept/property/geospatial-
relation identifiers) are realized in [15] as explicit fields in the extracted encodings. In
particular, instances are captured via place names recognized in the question (supported
by advanced NER models [28]), and concepts are captured via generic place types (i.e.,
type expressions) aligned with the ontology/schema. Geospatial relations are primarily
captured through preposition encoding: preposition phrases that refer to place names
or place types are recorded as candidate spatial relations (to be compiled into spatial
predicates/operators). Properties are captured via adjective encoding as property qualities:
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superlative/descriptive adjective phrases are encoded as place qualities if they refer to
place names/types, and otherwise as property qualities, which provide property-related
constraints for query compilation. Beyond these four core signals, Ref. [15] additionally
encodes other operators needed for compositional questions—such as situation/activity
distinctions from verbs (using BERT-based verb representations [29]), temporal relations
anchored to dates, comparative operators, and conjunction/negation—so that the overall
intent can be compiled into an executable GeoSPARQL query, although the final query
construction still relies on a template-based compilation procedure.

GeoQA2 [16] explicitly follows the same GeoKBQA decomposition—jointly grounding
instances, concepts, properties, and geospatial relations—and implements this structure
with modules for concept identification, instance identification, geospatial-relation iden-
tification, and query generation/execution, augmented with constituency parsing and
an explicit property identifier. To improve instance-level disambiguation [16], adopts
TAGME [30], a feature- and rule-engineered entity linker that yields measurable gains in
linking accuracy. Despite these refinements, GeoQA2 still relies heavily on handcrafted
rules and templates across components, and its final SPARQL/GeoSPARQL queries are
produced using predefined patterns. Consequently, the end-to-end performance remains
sensitive to paraphrasing and compositional variation and scales poorly to heterogeneous
schemas and complex geospatial operators.

Yang et al. [17] marked a clear departure from the above rule-centric pipelines by
introducing the first fully neural GeoKBQA system: an entity retriever based on an off-the-
shelf linker (ELQ) and a T5 sequence-to-sequence translator that directly maps questions to
GeoSPARQL. By replacing handcrafted templates with a learned query generator, ref. [17]
improves generalization when sufficient supervision is available and establishes a stan-
dardized evaluation protocol with explicit training/validation/test splits aligned with
standard machine learning practice [20]. At the same time, this end-to-end translation
paradigm shifts the practical bottleneck toward data availability: achieving high perfor-
mance typically requires large-scale paired supervision and substantial manual effort in
dataset construction (e.g., designing templates and systematically expanding coverage of
entities/classes/functions before paraphrasing). In contrast, earlier systems [14–16] were
carefully designed around the intrinsic GeoKBQA decomposition but depend predomi-
nantly on rule-based extraction and template-based compilation, which limits robustness
and yields relatively modest end-to-end accuracy (often on the order of tens of percent, e.g.,
~30–50% as reported in those works). This trade-off motivates our positioning: we retain
the decomposition that reflects the nature of GeoKBQA (instances, concepts, properties,
and geospatial relations) while aiming to substantially improve executable query accu-
racy under few-shot/low-supervision settings by leveraging modern LLM capabilities for
structured grounding and reliable composition without requiring large-scale training data.

2.3. LLMS to Multi-Agent Systems

Early NLP systems were predominantly rule-based, relying on handcrafted linguis-
tic rules that typically lacked scalability and robustness when faced with the variability
of natural languages. The introduction of statistical models, such as n-gram language
models [31], marked a paradigm shift by leveraging the statistical properties of languages
derived from large corpora. However, these models are limited in handling long-range de-
pendencies because of their fixed context windows, which consider only a limited number
of preceding words.

Recurrent neural networks (RNNs) were introduced to surpass fixed-order models
by sharing parameters over time and maintaining a recurrent state, thereby enabling
variable-length context modeling in sequential data [32]. In practice, training RNNs with
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backpropagation over time results in vanishing/exploding gradients, which hinder the
learning of long-range dependencies [33,34]. Long short-term memory (LSTM) addresses
this issue by introducing gated memory cells and a mechanism for nearly constant error
flows, thereby enabling effective long-range credit assignments [35]. However, LSTMs
remain inherently sequential, limiting parallelism and scaling to very long contexts; these
constraints motivate attention mechanisms in RNNs [36].

A pivotal development that enabled modern LLMs is the transformer architecture [37].
Transformers replace recurrence with multi-head self-attention and position-wise feed-
forward layers, eliminating the need for the sequential state updates found in LSTMs.
Self-attention enables each token to consider all the others in the sequence, computes the
attention weights that model pairwise dependencies, and supports long-range interactions.
Attention is computed in parallel across positions with positional encodings providing or-
der information; therefore, the architecture scales more effectively than RNNs and improves
the modeling of complex sentences with nonlocal dependencies.

Building on the transformer, the field converges on pre-train-then-fine-tune paradigms
at scale. BERT [29] pretrains a bidirectional encoder with masked language modeling and
next-sentence-prediction objectives and attaches a lightweight task head for downstream
fine-tuning. Bidirectional context modeling, conditioned on tokens to the left and right,
yields significant gains across standard NLP benchmarks. In parallel, the GPT line adopts a
decoder-only, left-to-right (causal language modeling) objective with a strong generative
capacity. GPT-1 [38] showed that generative pre-training on a broad unlabeled corpus,
followed by task-specific fine-tuning, can deliver substantial improvements. GPT-2 [39]
further demonstrated that scaling the model size and data leads to robust zero-shot per-
formance across diverse tasks (e.g., QA, machine translation, reading comprehension, and
summarization) without explicit task supervision.

As decoder-only transformers scaled from GPT-1 to GPT-3, their performance im-
proved consistently, and new behaviors emerged. Notably, GPT-3 [40], with its 175 B
parameters, exhibited in-context learning, performing tasks from natural-language prompts
without gradient updates. Consistent with this trend, scaling studies [41] showed that test
loss follows smooth power-law relationships with respect to model size, dataset size, and
computation. A computation-optimal trade-off for allocating parameters and data under
a fixed budget was derived, providing a principled basis for predictable improvements
from scaling.

Despite its strong generative capabilities, next-token prediction pre-training alone
does not guarantee instruction following or alignment with human intent. Instruction
tuning addresses this gap by fine-tuning collections of natural-language instructions paired
with reference outputs. FLAN [42] fine-tunes encoder–decoder models, such as T5 [18],
on a diverse mixture of instruction-formatted tasks, yielding substantial improvements
in zero-shot generalization. However, instruction-only approaches depend on human-
curated instruction–response pairs and continue to optimize a supervised proxy objective,
which limits their coverage and scalability and does not fully capture user preferences.
To better align the model behavior, InstructGPT [43] applies reinforcement learning from
human feedback through a three-stage process: (i) supervised fine-tuning on the demon-
stration data, (ii) training of a reward model from pairwise human-preference comparisons,
and (iii) policy optimization against the learned reward. This three-stage pipeline im-
proves instruction adherence and preference alignment while reducing undesirable or
off-task outputs.

GPT-4 [24] consolidates advances in scale, pre-training, and alignment, delivering
strong gains in reasoning, problem solving, and instruction following across a wide range of
benchmarks. Beyond raw accuracy, it exhibits improved robustness in long-form generation
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and compositional tasks (e.g., mathematics, code synthesis, and multilingual QA) and has
been presented as evidence of AGI-like potential, that is, broad competence emerging from
a single, generalist model class rather than task-specific systems. These results provide a
new reference point for the capability and reliability of LLMs and motivate methods that
harness competence in complex, structured problems.

Simultaneously, a single-agent LLM remains a solitary policy conditioned on a prompt.
For problems with a pronounced compositional structure, such an LLM cannot consis-
tently plan, verify, and refine multi-step solutions. Therefore, recent studies have explored
multi-agent LLM systems, in which multiple role-specialized agents coordinate to solve a
task [21,22]. Common patterns include the division of labor (e.g., planner, solver, critic, and
verifier), explicit decomposition of tasks into subgoals, transmission of natural-language
messages over shared memory or a central controller, and iterative critique/debate fol-
lowed by revision. This organization widens the search for solution strategies, reduces
the cognitive load on any single policy, and enables cross-checking among complementary
reasoning paths. These mechanisms are reported in surveys as beneficial for multi-step
reasoning, complex QA, planning, and other structured tasks [21,22]. Although coordina-
tion overhead and evaluation remain open challenges, there is an emerging consensus that
principled decomposition and role assignment can translate strong single-agent capabilities
into more reliable performance in real-world, multistage problems. Our work follows this
line of thought by structuring GeoKBQA into specialized agents aligned with subproblems
of geospatial query generation.

3. Methodology
Our system is based on multi-agent systems, with each agent system playing a

unique role in addressing the problems associated with translating natural language into
GeoSPARQL queries.

As illustrated in Figure 1, the proposed framework comprises four main components:
(1) an intent-analyzer agent, (2) retriever agents, (3) an operator-builder agent, and (4) a
query-generator agent. The first stage involves the intent-analyzer agent, which analyzes
the questions to extract the underlying intents. The second stage involves the retriever
agents, each comprising a multi-grained retriever responsible for retrieving information
regarding its role. Specifically, a concept retriever retrieves the concept information, a
geospatial-relation retriever retrieves the information regarding geospatial relations, and a
property retriever retrieves the necessary property information. The third stage involves
an operator builder that follows the syntax of SPARQL and GeoSPARQL. The final stage
involves a query generator that generates the target query based on the output of the
previous agent. As shown in Figure 1, each agent uses the outputs of all the preceding
stages and, in this context, performs its designated role.
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Figure 1. Overview of the proposed multi-agent GeoKBQA pipeline.

3.1. Intent-Analyzer Agent

First, the analyzer agent analyzes the input question and systematically generates
the information to be used by the subsequent agents. It outputs WH-word cues, concept
mentions, reference-entity mentions, and geospatial-relation phrases present in the input
and question forms. WH-word cues provide an initial hypothesis about the expected answer
type, thereby narrowing the downstream search space. The concept mention is the span in
the question that denotes the feature class the user is querying (e.g., dam or restaurant),
which in turn guides the concept retriever toward salient ontology classes and aliases.
This division of labor ensures that the analyzer localizes linguistically meaningful spans,
whereas the concept retriever focuses on ontology-level grounding in the concept inventory
of the knowledge base. The geospatial-relation phrase captures the textual realization of
spatial operators (e.g., near, within 200 m, distance between, and intersects) and provides a
strong prior for the geospatial-relation retriever. Details of concept retrievers are provided in
Section 3.2.1, and the geospatial-relation retriever is discussed in Section 3.2.2. Collectively,
these outputs form a compact and structured specification that determines the remaining
pipeline stages.

The reference-entity mention denotes the place names that serve as anchors for the
spatial reasoning in each question. For example, in the query “Which dam is most distant
from Bedok?”, the target class is a dam, whereas the spatial anchor is Bedok, from which
the distance is measured. Hence, Bedok is extracted as the reference-entity mention. In the
query “What is the distance between Jurong Island and Novena?”, the reference entities
are Jurong Island and Novena, which are two distinct anchors because the requested value
is a function of both locations. Question_form encodes the expected answer type primarily
as {selection, numeric, boolean, literal, or geometry} and can be extended as required. This
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attribute conditions operator synthesis and query generation; for example, it influences the
choice of the query form (e.g., SELECT vs. ASK), projection variables, aggregation, and
result formatting, thereby promoting type-consistent query construction.

In summary, before downstream agents execute their specialized roles, the analyzer
produces clues and contexts that these agents should consider, effectively reducing ambi-
guity and improving retrieval precision. Figure 2 illustrates this process using the question
“What is the distance between Jurong Island and Novena?” The WH-word is “what”; no
concept mention is identified; the reference entities are Jurong Island and Novena; the
geospatial-relation phrase is “the distance between”, and the question form is numeric
because the answer is a single distance value. These structured outputs flow to the retriever
agents and subsequently to the operator builder and query generator, enabling faithful and
well-typed GeoSPARQL generation while maintaining a clear separation of concerns across
the multi-agent pipeline.

 

Figure 2. Illustrative example: the intent analyzer.

3.2. Multi-Grained Retriever Agents

This stage involves retrieving the task-critical symbols required downstream, namely,
the concept, geospatial relation, and property, using LLM-driven prompting conditioned
on the signals of the analyzer. In line with the GeoKBQA findings [14–16], an accurate
GeoSPARQL synthesis depends on reliably grounding the target concept, identifying
the operative spatial operator, and identifying the properties to be used for projection or
filtering. We instantiate separate retrievers for each: the concept retriever grounds the target
as an OSM tag key–value pair (e.g., osmkey:amenity = “restaurant”); the geospatial-relation
retriever identifies the operator family (e.g., geof:distance) together with its argument
mentions and any quantitative constraint stated in the question (comparator, threshold,
unit); and the property retriever surfaces property IRIs referenced by attribute mentions
for use as projection targets (SELECT) or filter predicates (FILTER). Figures 3–5 illustrate
example outputs from the multi-grained retriever.
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Figure 3. Illustrative example: the multi-grained retriever (containment query).

 

Figure 4. Illustrative example: the multi-grained retriever (distance-constraint “within” query).

Motivated by the evidence that LLMs encode rich geospatial knowledge [7], we
obtained a small, high-recall candidate set via targeted prompting rather than pre-encoding
large databases. Our approach dispenses with cross-encoder pipelines, which are common
in KBQA [44,45] and require per-candidate forward passes, and bi-encoder setups [46],
which precompute embeddings and maintain a vector index (vector store) for persistence
and retrieval. Instead, our approach retains competitive recall through carefully scoped,
analyzer-conditioned prompts. In short, retrievers provide a lightweight, ontology-aware
interface: concepts arrive as (property-IRI, literal) tag assertions; geospatial relations
are returned with their operator, argument mentions, and any associated constraints;
and attributes are returned as property IRIs ready for projection or filtering, enabling
downstream stages to assemble executable GeoSPARQL with minimal schema friction.
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Figure 5. Illustrative example: the multi-grained retriever (property/attribute query).

3.2.1. Concept Retriever

The concept retriever grounds the feature type referenced in the question to the OSM
tagging schema by returning an appropriate tag key–value pair rather than mapping
to a separate class hierarchy. In particular, given a concept mention identified by the
analyzer (e.g., park, restaurant, and hospital), the retriever produces a tuple of the form
(concept_mention, property IRI, literal value), for example, (“park,” osmkey:leisure, “park”)
or (“restaurant,” osmkey:amenity, “restaurant”). This representation matches the manner
in which concepts are encoded in the knowledge base (as OSM tag assertions) and can
be inserted directly into basic graph patterns (BGPs) (for example, ?x osmkey:amenity
“restaurant”) without intermediate class mapping or schema translation.

Operationally, the retriever departs from the string-matching-based schema lookup
used in prior GeoKBQA systems [14–16] and instead uses targeted prompting to align
concept mentions with the OSM tagging schema. Rather than iterating through schema
elements to locate a matching key–value pair, our approach relies on the LLM’s internal
spatial knowledge to infer the appropriate tag directly. This design is motivated by prior
findings [7] indicating that LLMs implicitly encode rich geospatial information, enabling
concept grounding without the need to query external resources. In our setting, the agent is
guided to produce key–value tags consistent with the canonical OSM key–value inventory,
and it outputs the appropriate tag for the mention (e.g., park → osmkey:leisure = “park,”
restaurant → osmkey:amenity = “restaurant”). This maintains the procedure faithful to
the dataset—where mentions correspond directly to literal tag values—while replacing the
rule-based “concept identifier” used in prior studies [14–16].

In the example shown in Figure 3, the question “What parks are included in Mutiara
Rini?” yields the concept mention “park,” which the concept retriever normalizes to the
OSM tag osmkey:leisure = “park.” Generally, each detected concept-mention retriever
returns (i) the original mention span, (ii) a property IRI selected from the OSM key names-
pace, and (iii) the corresponding literal value from the OSM tag value inventory (with
optional aliases, when helpful). This design maintains an interface that is ontology-aware
yet schema-faithful to OSM, ensuring that concept grounding remains consistent with how
entities are encoded in the knowledge graph.
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3.2.2. Geospatial-Relation Retriever

Geospatial questions typically lexicalize either qualitative spatial relations (e.g., within,
intersects, touches, and borders) or quantitative relations that invoke a metric (e.g., within
10 km of the distance between A and B). The geospatial-relation retrievers map such
surface forms to their corresponding GeoSPARQL/OGC operators (e.g., geof:sfWithin,
geof:sfIntersects, geof:sfTouches, geof:sfContains, and geof:distance) and return an operator
specification accompanied by its argument mentions and, where explicitly expressed, a
quantitative constraint consisting of a comparator, threshold, and unit. This operator-
centric representation precisely provides the semantic predicate required to anchor spatial
reasoning in the subsequent stages.

Methodologically, we employed targeted prompting instead of dictionary matching [14,16]
or rule-based heuristics [15]. Unlike concept and property retrieval, which bind key–value
tags or property IRIs, the geospatial case requires recovering the operand structure of a func-
tion, that is, determining which entities or concept-denoted sets populate the arguments of
the operator. The agent is constrained to a canonical inventory of GeoSPARQL operators
and units and extracts only what is overtly licensed by the question, thereby remaining
faithful to the dataset while avoiding overinterpretation. This yields a compact type-aware
specification that the operator builder can compile into valid functional applications within
SPARQL/GeoSPARQL.

In the example illustrated in Figure 3, the input asks for parks included in Mutiara
Rini; the phrase included in the input is mapped to the qualitative operator geof:sfContains
with arguments instantiated by the grounded concept (park → osmkey:leisure “park”)
and the reference entity (Mutiara Rini), and no quantitative constraint is emitted. By
contrast, in the example illustrated in Figure 4, the input seeks hospitals within 50 km of
the Southern Islands; the retriever selects geof:distance, identifies arguments (hospitals,
Southern Islands), and records the constraint as “<50,000 uom:metre.” Importantly, selector
semantics such as “closest to” or “farthest from” are not resolved at this stage; they are
realized downstream via BIND to materialize a distance variable and ORDER BY/LIMIT
within the solution modifiers, consistent with the separation of concerns of the pipeline.

3.2.3. Property Retriever

The property retriever locates the attribute referenced in the question and grounds it in
the corresponding OSM property IRI, yielding the predicate–variable binding required for
downstream projection (SELECT) or, when applicable, filtering (FILTER). Given an attribute
mention (e.g., population, time zone, and name), the module returns a compact tuple
(property_mention, property IRI, and value variable). By design, it does not bind the subject
of the triple. It specifies only the predicate and object-side variables, allowing later stages
to pair this binding with a subject introduced by concept grounding or entity resolution.

Methodologically, we replaced the pattern/dictionary matching commonly used
in prior GeoKBQA studies [16] with the targeted prompting of an LLM constrained to
the canonical OSM key inventory. The agent extracts the attribute phrase licensed by
the question and aligns it to a single-property IRI, for example, by mapping the phrase
corresponding to the population to osmkey:population. The retriever deliberately refrains
from inferring solution modifiers or introducing implicit operators. Its role is strictly limited
to supplying the predicate–object–variable pair that the subsequent components compile in
SPARQL/GeoSPARQL.

Figure 5 illustrates the Malaysian population. The attribute mention “how many
individuals live in” is aligned to the property IRI osmkey:population, and the retriever
emits the tuple (“how many individuals live in,” osmkey:population, ?population) such
that the query generator can project a scalar value (for example, SELECT ?population). This
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behavior is representative of the scope of the module; it surfaces property IRIs referenced
by attribute mentions together with an object-side value variable while leaving the subject
bound elsewhere in the pipeline, thereby providing a clean, narrowly scoped interface for
downstream query construction.

3.3. Operator-Builder Agent

The operator builder is the pipeline’s intermediate representation (IR) layer, which con-
solidates the outputs from the analyzer and retrievers into a domain-specific language (DSL)
whose syntax and evaluation follow SPARQL 1.1 [47] and GeoSPARQL 1.1 [48]. Assuming
a fixed default dataset, the DSL explicitly encodes graph patterns, solution modifiers, and
the result form and further refines graph patterns into two strata aligned with the standard
execution model. The first stratum, pattern.basic, contains BGPs realized as SPO triples
for entity anchoring and concept constraints, such as OSM tag assertions, property asser-
tions, and geometry linking (e.g., via geo:hasGeometry). The second, pattern.advanced,
comprises the remaining WHERE clause constructs: GeoSPARQL-extension functions are
used in expressions (e.g., geof:distance), BIND materializes the derived variables, and
FILTER imposes thresholds. Solution modifiers are recorded separately and applied in the
canonical order (ORDER BY, DISTINCT/REDUCED, OFFSET, LIMIT), whereas the result
form captures the query type and projection consistently with those modifiers. This organi-
zation yields an IR that is faithful to the SPARQL/GeoSPARQL evaluation and, crucially
for geospatial semantics, respects the division between the GeoSPARQL vocabulary used
as triples and the GeoSPARQL functions invoked in expressions.

Methodologically, the DSL follows the established KBQA practice of compiling natural
language into a structured IR prior to query synthesis. Prior work has shown that S-
expressions and graph-style logical forms provide a compact, executable abstraction for
KBQA over general KBs [44,45] and that first-order logic (FOL) forms serve as a robust
intermediate in GeoKBQA settings [15]. We adopted this IR principle but specialized it
to SPARQL/GeoSPARQL: instead of a domain-agnostic logical form, the operator builder
produces a typed, operator-centric program that maps one-for-one to BGPs, group-pattern
expressions, solution modifiers, and result forms. Concretely, the multi-grained retrieval
is reified as minimal operators: E (entity), C (concept via OSM key–value), P (property
for projection or filtering), and R (geospatial relation as a function call). The builder
assembles these into pattern.basic and pattern.advanced while enforcing variable hygiene
(introducing and reusing geometry variables), scoping for BIND/FILTER, and deferring
selector semantics such as “closest/farthest” to the solution-modifier stage, where they
are realized by ordering over a bound measure with an optional limit. The result is an
interpretable IR—each operator has a direct semantic counterpart in SPARQL/GeoSPARQL
and an executable one because the downstream Query Generator can deterministically
linearize it into a standards-compliant query without ad hoc rules.

In the running example illustrated in Figure 6, for the question “Which dam is the most
distant from Bedok?,” the operator builder receives the reference entity with its geometry,
concept tag osmkey:waterway = “dam,” and geospatial relation family “distance” without
an explicit threshold. These are compiled into pattern.basic triples for entity and concept
grounding with geometry bindings, an R call to geof:distance with a BIND that materializes
a distance variable in pattern.advanced, and a selector encoded as ORDER BY DESC with
LIMIT 1 in solution_modifiers. The result_format records a SELECT form with the in-
tended projection and distinctness. In effect, the operator builder condenses heterogeneous
natural-language signals into a compact, standard-aligned IR similar to S-expression/FOL
intermediates, now specialized in GeoSPARQL, thereby providing the query generator
with a lossless, verifiable blueprint for producing executable geospatial queries.
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Figure 6. Running example of our multi-agent systems.

3.4. Query-Generator Agent

The query generator operates at the terminal stage of the pipeline. It consumes the
structured representation produced by the operator builder and converts it into a fully
specified GeoSPARQL query. At this point, all upstream ambiguities have been resolved;
concepts have been grounded in OSM tag assertions, geospatial relations have been mapped
to functions with argument bindings, properties have surfaced for projection or filtering,
and operator composition has been organized into a well-typed DSL. Therefore, the role
of the generator is not to reinterpret the input but to faithfully linearize it into standard
GeoSPARQL syntax, ensuring compliance with the SPARQL 1.1 evaluation rules and
GeoSPARQL 1.1 extensions. To this end, the generator systematically declares the required
prefixes, instantiates the WHERE clause with the pattern.basic and pattern.advanced
components, and applies the modifiers and projections as prescribed by the DSL. This
guarantees that the queries are syntactically valid, semantically consistent with the outputs
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of the retrievers, and executable on off-the-shelf GeoSPARQL-compliant endpoints without
further adjustment.

As the operator builder already enforces a division between the BGPs, advanced
expressions, and solution modifiers, the query generator primarily functions as a code
emitter. It traverses the DSL in canonical order—prefix declarations, result format, WHERE
block, and solution modifiers—and instantiates the variables and function calls exactly
as designated. More importantly, the generator introduces no additional inference; its
contribution lies in ensuring determinism and fidelity to the standards. Therefore, every
operator in the DSL has a one-to-one correspondence with a clause or expression in the final
query. This design choice maximizes interpretability; reviewers can verify the correctness of
a query by comparing the DSL to the linearized form, and downstream systems can reuse
the same DSL for alternative backends (e.g., query optimization or explanation interfaces)
without any loss of information.

As illustrated in Figure 6, for the question “Which dam is the most distant from
Bedok?”, the query generator receives a DSL, where the result_format specifies a SELECT
DISTINCT projection of ?class, pattern.basic encodes entity and concept bindings (Bedok
via osmkey:wikidata, dams via osmkey:waterway), pattern.advanced introduces the dis-
tance function and binds its output distance, and solution_modifiers requests a descending
order and top-1 selection. The generator converts this faithfully into the GeoSPARQL query
shown in Figure 6: prefix declarations, a WHERE clause with entity and concept triples
plus distance binding and an ORDER BY/LIMIT clause. This example demonstrates how
the generator consolidates the cumulative reasoning of prior agents into an executable
artifact, thereby closing the loop from natural-language questions to standard-compliant
queries that can be executed against geospatial knowledge bases. In this manner, the query
generator serves as the final bridge between the multi-agent interpretation and verifiable
system output.

4. Experimental Results and Analysis
4.1. Setup

We conducted experiments on the GeoKBQA dataset presented in [17], which, unlike
earlier resources [14,16], provides explicit training, validation, and test splits, enabling a
fair out-of-sample evaluation. In line with prior work [14–17], we focus on well-formed
geospatial questions whose intent is sufficiently specified to be translated into executable
GeoSPARQL. Ill-defined or underspecified queries are outside the scope of this study.
All the agents operate under a few-shot prompting regime (prompts are provided in
Appendix A). Each agent receives 20 in-context examples randomly sampled from the
training split. We assumed gold reference entities to isolate the contribution of our multi-
agent pipeline from entity linking. The agent workflow was implemented using LangChain.
For GPT-4o and GPT-4o-mini, we set the temperature to 0 to ensure reproducibility. Fol-
lowing a previous study [17], we report the exact match (EM) as the primary metric.

4.2. Overall Performance

The results are presented in Table 1. Our multi-agent pipeline achieved 85.49 and
66.74 EM with GPT-4o and GPT-4o-mini, respectively. Fine-tuned baselines from [17]
demonstrated competitive or superior performance under full-data supervision: T5-Base
achieved 71.65 EM, T5-Large achieved 79.02 EM, and CodeT5+ (770M) achieved 94.20 EM,
with the latter benefiting from pretraining targeted at code-like generation. Crucially, these
fine-tuned models were trained on 3574 curated GeoKBQA training examples, whereas
our multi-agent setup used only 20-shot in-context exemplars per agent, that is, <1% of
the supervision used in [17]. Therefore, the gap reflects not only the model choice but also
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the supervision scale and inductive bias: CodeT5+ excels at supervised, syntax-sensitive
sequence mapping, whereas our approach emphasizes sample efficiency and generalization
with minimal guidance. Despite the stark differences in the labeled data, GPT-4o augmented
with our agentic pipeline remains competitive, indicating that structured decomposition
plus retrieval can recover much of the performance of fully fine-tuned systems under
stringent EM evaluations.

Table 1. Results on the GeoKBQA test set.

EM

Fine-tuning based methods (Fine-tuned on all
training sets–3574, results taken from [17])

T5-base 71.65
T5-Large 79.02

Code-T5+ (770M) 94.20
Prompting-based methods (Used 20 examples)

Multi-agent System (GPT-4o-mini) 66.74
Multi-agent System (GPT-4o) 85.49

4.3. Multi-Agent System vs. Single-Agent System

Table 2 compares the single- and multi-agent configurations. For the single-agent sys-
tem, we adopt the approaches of [16] for GeoKBQA. Using GPT-4o, the multi-agent pipeline
reached 85.49 EM compared to 55.36 EM for a single agent (absolute increase of 30.13).
Using GPT-4o-mini, the multi-agent system attained 66.74 EM compared with 47.10 EM
for a single agent (absolute increase of 19.64). These gains indicate that decomposition
into specialized agents paired with explicit operator construction substantially improves
execution-faithful GeoSPARQL synthesis compared to treating the task as a single-shot
prompting problem. The single-agent results are consistent with prior observations [18]
that general-purpose LLMs underperform on geospatial QA when using single-agent
prompting. This reinforces the idea that agentic factorization is more effective than relying
exclusively on the raw model’s scale.

Table 2. Comparison of the performance of multi- and single-agent systems.

EM

Single-agent system (GPT-4o-mini) 47.10
Single-agent system (GPT-4o) 55.36

Multi-agent system (GPT-4o-mini) 66.74
Multi-agent system (GPT-4o) 85.49

The model size remains important; however, its effect is amplified by an agentic
pipeline. Transitioning from GPT-4o-mini to GPT-4o improved the single-agent baseline
by approximately +8.26 EM (from 47.10 to 55.36 EM), whereas the same increase in capac-
ity within the multi-agent system yielded an improvement of approximately +18.75 EM
(from 66.74 to 85.49). Thus, scaling the backbone proves beneficial. However, scaling the
architecture using role-specialized analyzers, retrievers, and an operator-aware builder
consumed by a deterministic generator delivers disproportionate returns. This pattern
suggests that for GeoKBQA, structured decomposition and retrieval are first-order drivers
of exact-match accuracy, with the model size providing secondary, compounding benefits.

4.4. Multi-Agent System Ablation

Table 3 presents the ablation results for the multi-agent pipeline. Removing the op-
erator builder yielded only a marginal EM drop of approximately 0.5%, indicating that

https://doi.org/10.3390/ijgi15010035

https://doi.org/10.3390/ijgi15010035


ISPRS Int. J. Geo-Inf. 2026, 15, 35 19 of 30

the query generator can often translate natural language directly from the analyzer and
multi-grained retrievers into valid GeoSPARQL. This indicates that the operator layer is
not the primary driver of raw EM under the conditions of our benchmark. Its value lies
in its structural and explanatory roles: it imposes a clean IR that improves interpretabil-
ity, facilitates the localization of failure modes, and—by explicitly distinguishing basic
and advanced graph patterns—offers potential for compositional queries where scoped
BIND/FILTER and multi-step operator assembly are more critical. We expect its impact to
grow with query complexity, a direction we intend to explore in future stress tests on more
challenging GeoKBQA regimes.

Table 3. Ablation results for the multi-agent system.

EM

MAS (GPT-4o) 85.49
w/o Operator 85.04
w/o Retriever 59.15

w/o Retriever and Operator 67.63
Single Agent System (GPT-4o) 55.36

In contrast, ablating the multi-grained retrievers yields a large degradation to
59.15 EM, representing an increase of only approximately 4 EM over the single-agent
GPT-4o baseline (55.36). This establishes the retrievers as the dominant contributors to
exact-match accuracy, as reliably grounding concepts, properties, and geospatial relations
is essential for generating executable, schema-faithful queries. Interestingly, among the
configurations that lack a retriever, the intent-analyzer–only system achieves 67.63 EM,
outperforming the 59.15 EM obtained when the operator is added. In other words, when
no retrieved context is available, introducing an operator stage worsens performance rather
than improving it. A plausible explanation is that the operator builder, when not grounded
by high-quality retrieved information, can amplify upstream errors and propagate them
through later stages, whereas directly compiling queries from the analyzer can sometimes
avoid additional points of failure. Notably, the 67.63-EM configuration also exceeds the
single-agent baseline (55.36), indicating that even without retrievers, the intent analyzer
provides valuable structural guidance that meaningfully improves GeoSPARQL synthesis
over a single agent.

Taken together, these results indicate that (i) retrieval quality is the primary bottle-
neck, (ii) the operator builder contributes mainly to interpretability rather than raw EM,
and (iii) effective multi-agent systems require careful architectural design rather than the
indiscriminate addition of agents.

4.5. Case Study

Table 4 presents a case study (the prefixes are omitted for brevity). The single-
agent system produces a syntactically valid and executable query; however, it is se-
mantically imprecise: instead of constraining candidates to building = “church”, it uses
amenity = “place_of_worship”, thereby broadening the result set to include churches,
mosques, temples, and other worship sites. This mismatch violates the user intent—“Which
church is the farthest from Perling?”—because the ranking over distance is applied to an
over-inclusive candidate pool. In contrast, our multi-agent pipeline correctly grounds the
concept to osmkey:building “church”, preserving the intended class constraint and yielding
the faithful top-1 result under the “farthest” selector.
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Table 4. Case study of concept grounding—multi-agent versus single-agent.

Item Description

Input Which Church Is the Farthest from Perling?
[{“Id”: “Q13548361”, “Label”: “Perling”, “Mention”:
“Perling”}]

Ground-Truth SELECT DISTINCT ?class WHERE {
?region1 osmkey:wikidata “Q13548361”.
?region1 geo:hasGeometry ?rwkt1.
?class osmkey:building “church”.
?class geo:hasGeometry ?cwkt1.
BIND(geof:distance(?cwkt1, ?rwkt1, uom:metre)

AS ?distance)
}
ORDER BY DESC(?distance)
LIMIT 1

Single-Agent System Output SELECT DISTINCT ?class WHERE {
?region1 osmkey:wikidata “Q13548361”.
?region1 geo:hasGeometry ?rwkt1.
?class osmkey:amenity “place_of_worship”.
?class geo:hasGeometry ?cwkt1.
BIND(geof:distance(?cwkt1, ?rwkt1, uom:metre)

AS ?distance)
}
ORDER BY DESC(?distance)
LIMIT 1

Multi-Agent System Output SELECT DISTINCT ?class WHERE {
?region1 osmkey:wikidata “Q13548361”.
?region1 geo:hasGeometry ?rwkt1.
?class osmkey:building “church”.
?class geo:hasGeometry ?cwkt1.
BIND(geof:distance(?cwkt1, ?rwkt1, uom:metre)

AS ?distance)
}
ORDER BY DESC(?distance)
LIMIT 1

Intent Output {
“wh”: “which”,
“concept_mention”: [“church”],
“ref_entity_mention”: “Perling”,
“relation_phrase”: “farthest from”,
“question_form”: “selection”

}

Concept Output {
“concepts”: [

{
“mention”: “church”,
“chosen”: {

“key”: “osmkey:building”,
“val”: “church”

},
“alternatives”: []

}
]

}
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Table 4. Cont.

Item Description

Geospatial-Relation Output {
“geospatial_relations”: [

{
“operator”: “distance”,
“arg_mentions”: [“church”, “Perling”],
“constraint”: { “cmp”: null, “value”: null,

“uom”: “uom:metre” }
}

]
}

Property Output {
“properties”: []

}

Operator Output {
“result_format”: {

“form”: “SELECT”,
“project”: [“?class”],
“distinct”: true

},
“pattern”: {

“basic”: [
{ “op”: “E”, “key”: “osmkey:wikidata”, “val”:

“Q13548361”, “geom_as”: “?rwkt1” },
{ “op”: “C”, “key”: “osmkey:building”, “val”:

“church”, “geom_as”: “?cwkt1” }
],
“advanced”: [

{ “op”: “R”, “relation”: “geof:distance”, “args”:
[“?cwkt1”, “?rwkt1”], “uom”: “uom:metre” },

{ “op”: “BIND”, “expression”:
“geof:distance(?cwkt1, ?rwkt1, uom:metre)”, “as”:
“?distance” }

]
},
“solution_modifiers”: {

“order_by”: [
{ “expr”: “?distance”, “dir”: “DESC” }

],
“limit”: 1,
“offset”: null,
“reduced”: false

}
}

Table 5 highlights an error in the selection of the geospatial operator (prefixes omitted).
The single-agent system maps the phrase “shares borders with” to geof:sfIntersects, which
is excessively permissive; the operator “intersects” applies when two geometries overlap
or merely touch, potentially admitting rivers that cross into or overlap the interior of Teluk
Danga rather than only those that meet it along a boundary. In contrast, the multi-agent
pipeline correctly selects geof:sfTouches, whose topological semantics capture boundary
contact without interior overlap—precisely aligning with the intended meaning of “shares
borders with.” Because both systems correctly restrict candidates to osmkey:waterway
“river” and bind geometries, the difference in answers is entirely attributable to the selected
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geospatial operator. Consequently, multi-agent mapping yields a semantically faithful
FILTER and a higher-precision candidate set that aligns with the query.

Table 5. Case study of geospatial relation selection—multi-agent versus single-agent.

Item Description

Input Can You Tell Me Which River Shares Borders with
Teluk Danga?
[{“Id”: “Q5215956”, “Label”: “Teluk Danga”,
“Mention”: “Teluk Danga”}]

Ground-Truth SELECT DISTINCT ?class WHERE {
?region1 osmkey:wikidata “Q5215956”.
?region1 geo:hasGeometry ?rwkt1.
?class osmkey:waterway “river”.
?class geo:hasGeometry ?cwkt1.
FILTER(geof:sfTouches(?cwkt1, ?rwkt1))

}

Single-Agent System Output SELECT DISTINCT ?class WHERE {
?region1 osmkey:wikidata “Q5215956”.
?region1 geo:hasGeometry ?rwkt1.
?class osmkey:waterway “river”.
?class geo:hasGeometry ?cwkt1.
FILTER(geof:sfIntersects(?cwkt1, ?rwkt1))

}

Multi-Agent System Output SELECT DISTINCT ?class WHERE {
?region1 osmkey:wikidata “Q5215956”.
?region1 geo:hasGeometry ?rwkt1.
?class osmkey:waterway “river”.
?class geo:hasGeometry ?cwkt1.
FILTER(geof:sfTouches(?cwkt1, ?rwkt1))

}

Intent Output {
“wh”: “which”,
“concept_mention”: [“river”],
“ref_entity_mention”: “Teluk Danga”,
“relation_phrase”: “shares borders with”,
“question_form”: “selection”

}

Concept Output {
“concepts”: [

{
“mention”: “river”,
“chosen”: {

“key”: “osmkey:waterway”,
“val”: “river”

},
“alternatives”: []

}
]

}
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Table 5. Cont.

Item Description

Geospatial-Relation Output {
“geospatial_relations”: [

{
“operator”: “sfTouches”,
“arg_mentions”: [“river”, “Teluk Danga”],
“constraint”: { “cmp”: null, “value”: null,

“uom”: null }
}

]
}

Property Output {
“properties”: []

}

Operator Output {
“result_format”: {

“form”: “SELECT”,
“project”: [“?class”],
“distinct”: true

},
“pattern”: {

“basic”: [
{ “op”: “E”, “key”: “osmkey:wikidata”, “val”:

“Q5215956”, “geom_as”: “?rwkt1” },
{ “op”: “C”, “key”: “osmkey:waterway”, “val”:

“river”, “geom_as”: “?cwkt1” }
],
“advanced”: [

{ “op”: “R”, “relation”: “geof:sfTouches”, “args”:
[“?cwkt1”, “?rwkt1”] },

{ “op”: “FILTER”, “condition”:
“geof:sfTouches(?cwkt1, ?rwkt1)” }

]
},
“solution_modifiers”: {

“order_by”: [],
“limit”: null,
“offset”: null,
“reduced”: false

}
}

Tables 4 and 5 show that single-agent LLMs internalize nontrivial geospatial regulari-
ties, often yielding syntactically valid, executable queries and broadly reasonable answers;
however, they frequently fail to capture fine-grained intent. In both cases, the single agent
chose a plausible but semantically misaligned grounding (amenity = “place_of_worship”
instead of building = “church” and geof:sfIntersects instead of geof:sfTouches), which
expanded or skewed the candidate set and, therefore, the final result. The multi-agent
pipeline corrects these errors by isolating concept grounding, spatial-operator selection,
and selector semantics into dedicated steps, subsequently compiling them into a standards-
faithful IR. This decomposition reliably preserves the intended constraint and relation of
the user, producing answers that are not only executable but also intent-consistent.
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5. Conclusions
We presented a GeoKBQA system that operationalizes language models as a coordi-

nated team of role-specialized agents—an analyzer, a set of multi-grained retrievers, an
operator builder, and a query generator—to translate language questions into executable
GeoSPARQL. The core design choices are principled and standards-aligned: concepts
are grounded to OSM key–value tags rather than abstract classes; geospatial relations
are mapped to GeoSPARQL/OGC functions with an explicit argument structure and op-
tional numeric constraints; and properties are surfaced as projection/filter predicates.
These elements are compiled into a compact domain-specific IR that mirrors SPARQL
1.1/GeoSPARQL 1.1 evaluation (basic versus advanced graph patterns, result form, and
solution modifiers). This decomposition yields an interpretable, schema-faithful pipeline
in which the upstream ambiguity is resolved before code emission, allowing the query
generator to linearize the IR into queries that are syntactically and semantically compliant
with off-the-shelf geo-triplestores.

Empirically, on the GeoKBQA benchmark of [17], the multi-agent pipeline achieved
85.49 EM with GPT-4o using only 20-shot in-context exemplars per agent (<1% of the
3574 samples used to fine-tune baselines). Our results showed that although fully super-
vised models, particularly CodeT5+ (770M), remain strong in the abundant-label regime (up
to 94.20 EM), structured factorization and retrieval can recover much of their performance
with minimal supervision. Because our method uses only standard prompting strategies, fu-
ture work could explore more advanced techniques—such as chain-of-thought prompting—
which may further enhance the effectiveness of our multi-agent system. Comparisons
against single-agent prompting highlighted the architectural gains: +30.13 EM with GPT-4o
and +19.64 EM with GPT-4o-mini, indicating that role specialization and operator-aware
IR are more decisive than the raw model scale for execution-faithful GeoSPARQL syn-
thesis. Ablation studies further clarified the sources of accuracy: removing the operator
builder changed the EM by only approximately 0.5%, underscoring its primary value for
interpretability and compositional potential, whereas removing the retrievers caused a
large decrease to 59.15 EM, establishing concept/property/geospatial relation grounding
as a critical path. Note that these results assume gold entity annotations and use string-
based Exact Match (EM) on the generated GeoSPARQL queries; thus, the reported EM
reflects query synthesis under gold grounding, not fully end-to-end GeoKBQA including
entity linking.

Our study argues that progress in GeoKBQA depends not only on larger models or
more labels but also on a better structure. A small set of well-chosen agents, a retrieval layer
that speaks the ontology language, and an IR that respects SPARQL/GeoSPARQL semantics
collectively yield an interpretable, sample-efficient, and competitively accurate pipeline.
This result carries several important implications. Although our approach is not as strong
as fully fine-tuned models, it operates with only 20 in-context examples—compared to the
3574 training instances required by supervised baselines—making it particularly attractive
in low-label settings. Moreover, as demonstrated in our ablations, the operator-aware
design offers interpretability benefits that fine-tuned models generally lack. Finally, because
the system requires only a small number of exemplars rather than task-specific training,
it is well suited for rapid deployment in new domains. We anticipate that the released
prompts will stimulate further research on more complex geospatial reasoning by enabling
the development of more advanced multi-agent systems for reliable GeoKBQA at scale.
Moreover, given our assumption of gold entity information, an important next step involves
the seamless integration of LLM-based entity linking into the multi-agent architecture.
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IR Intermediate representation
DSL Domain-specific language
BGP Basic graph pattern
FOL First-order logic

Appendix A
Prompt Template for Multi-Agent System

We demonstrate the prompt templates for our multi-agent system implemented in
LangChain. Each figure shows the role of an agent, the structure of its output, and its
dependencies on the outputs of upstream agents. Throughout the prompts, double asterisks
(**) denote emphasized/important text.

Figure A1 presents the prompt template for the intent analyzer, which extracts WH
cues, concept mentions, reference-entity mentions, geospatial-relation phrases, and the
question form (selection, numeric, boolean, literal, or geometry). Its structured output
conditions all downstream agents.

Figure A2 presents the prompt template for the concept retriever, which is conditioned
on the concept mentions of the intent analyzer and aligns them with the OSM tagging
scheme by returning a tuple of the form (mention, property IRI, literal value).
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Figure A1. Prompt template: the intent analyzer.

Figure A3 presents the prompt template for the geospatial-relation retriever, which
depends on the relation phrases identified by the intent analyzer and maps them to the
GeoSPARQL/OGC operators with argument roles and optional numeric constraints.

 

Figure A2. Prompt template: the concept retriever.

 

Figure A3. Prompt template: the geospatial-relation retriever.
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Figure A4 presents the prompt template for the property retriever, which extracts
property mentions and grounds them to OSM property IRIs for projection or filtering.

 

Figure A4. Prompt template: the property retriever.

Figure A5 presents the prompt template for the operator builder, which integrates
outputs from the multi-grained retrievers (concept, geospatial relation, property) with the
intent analyzer, producing an IR aligned with SPARQL/GeoSPARQL evaluation.

 

Figure A5. Prompt template: the operator builder.
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Figure A6 presents the prompt template for the query generator, which depends on
the operator builder, as well as the retrievers and intent analyzer, linearizing the IR into a
complete GeoSPARQL query with prefixes, WHERE clauses, and solution modifiers.

 

Figure A6. Prompt template: the query generator.
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