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Abstract

Virtual Knowledge Graphs (VKGs) provide unified
access to legacy relational data sources through a
high-level ontology modeling a domain of interest.
The content of the ontology elements (classes and
properties) is virtually mapped to underlying data
sources through declarative mappings. The stan-
dard approach to interacting with a VKG system
is to use SPARQL as the query language. How-
ever, the complexity of SPARQL creates a high en-
try barrier for normal users. In this paper, we study
the VKG-QA task, which enables users to interact
with the VKGs through a natural language (NL) in-
terface by translating their questions into SPARQL
queries. One critical challenge in such transla-
tion is silent failures, where a syntactically cor-
rect SPARQL query returns empty results because
it involves ontology elements that lack mappings
to the underlying data. To address this, we pro-
pose NaVQA (Navigation-based VKG Question
Answering), a framework leveraging Large Lan-
guage Models that (1) identifies and indexes the
active ontology elements based on the mapping
specifications, and (2) iteratively constructs a query
graph from the NL question using the active on-
tology elements and their relations to synthesize
SPARQL. Experiments on three real-world VKGs
show that NaVQA significantly mitigates silent
failures and outperforms existing baselines.

1 Introduction

The Semantic Web vision promises a unified interface for
accessing heterogeneous data. Virtual Knowledge Graphs
(VKGs) realize this by mapping [?] legacy Relational
Databases (RDBs) to high-level ontology [Lenzerini, 2011;

*Corresponding author: linfang.ding@hhu.edu.cn.

Schema Level Data Level
Task Ontology Mapping Database Triple
Text-to-SQL v
KGQA v v
VKG-QA v v

Table 1: Comparison of component availability across Text-to-SQL,
KGQA, and VKG-QA.

Xiao et al., 2019]. By exploiting data virtualization, VKGs
avoid physical materialization to integrate data silos. How-
ever, since VKG systems use SPARQL as the standard in-
terface for data retrieval [Rodriguez-Muro ef al., 2013], the
complexity of such formal languages creates a high barrier,
preventing users from directly utilizing these systems. Conse-
quently, Question Answering over Virtual Knowledge Graphs
(VKG-QA) has emerged as a critical task, enabling users to
access VKGs through natural language.

However, implementing robust VKG-QA is hindered by
the unique characteristics of the virtual environment. As
demonstrated in Table 1, related paradigms depend heavily on
components at the data level (i.e., database and triples) [Se-
queda et al., 2024]. Text-to-SQL approaches cannot be ap-
plied in VKG-QA, moreover, direct SQL access to the under-
lying data source is forbidden in the VKG setting. Similarly,
applying traditional Knowledge Graph Question Answering
(KGQA) paradigms to VKG settings presents distinct chal-
lenges. Retrieval-based approaches typically navigate mate-
rialized knowledge graphs to identify answer subgraphs [Sun
et al., 2024a; Luo et al., 2024]. However, these methods
are fundamentally incompatible with VKG settings because
VKGs lack materialized instances. Without physical triples
to traverse, graph-based retrieval algorithms simply cannot
function. Consequently, semantic parsing approaches (specif-
ically Text-to-SPARQL [Luz and Finger, 2018; Banerjee et
al., 2023]) become the viable alternative. By translating nat-
ural language directly into executable SPARQL queries, this
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paradigm bypasses the need for instance traversal and aligns
well with the query-based nature of VKG systems. Recently,
Large Language Models (LLMs) have demonstrated excep-
tional performance in Text-to-SPARQL tasks [D’ Abramo et
al., 2025; Meloni et al., 2025; Pan et al., 2025]. However,
applying them to VKGs poses a critical challenge: the mis-
match between ontology coverage and actual mappings to the
underlying databases. In practice, when creating VKGs, on-
tologies are often built by importing standard ontologies with
domain-specific additions [Ding et al., 2020]. Hence, typi-
cally only a small fraction of the ontology elements are pop-
ulated via mappings by the underlying databases. Unaware
of mappings, LLMs tend to formulate queries using the un-
mapped elements based on their semantic relevance. This
leads to silent failures—where queries are syntactically cor-
rect but return empty results, deceptively implying that no
data exists. In this work, we propose NaVQA, an end-to-end
framework that leverages LLMs for VKG-QA aimed at over-
coming the aforementioned shortcomings. The framework
operates through two key stages: (1) identifies active ontol-
ogy elements based on the mappings and constructs efficient
indices using LLMs for their retrieval; (2) iteratively builds a
graph structure based on the NL question using the indexed
active ontology elements and their relations to synthesize the
final SPARQL query. In summary, our main contributions in-
clude: (1) we propose NaVQA, an end-to-end framework for
VKG-QA that leverages LLMs and mapping specifications
while effectively mitigating silent failures; (2) we curate three
high-quality datasets derived from real-world VKGs, provid-
ing diverse and challenging scenarios to evaluate; (3) we
show through extensive evaluation that NaVQA significantly
outperforms existing baselines. All code and data are avail-
able at https://github.com/TheX1ay/NaVQA.

2 Preliminaries

2.1 Virtual Knowledge Graphs

A VKG specification is a triple P = (T, M, X), where T
denotes an ontology, M a set of mappings, and X a database
schema [Xiao et al., 2018].

Database schema (). The schema 3. consists of a collec-
tion of table schemata in the form T'(x1,...,x,), denoting
a table T of attributes x5 ..., x,, and a set of database con-
straints. We use the notation @(x) to denote a SQL query @
of answer attributes x. Given a database instance D of 3,
the evaluation Q(x)P of Q(x) over D is a set (ignoring dupli-
cates) of answers (x — o) mapping attributes in x to values
inD.

Ontology (7). The ontology 7 provides a high-level
conceptual view of the domain. An ontology 7T is a
set of axioms in some Description Logic (DL) language
(usually DL-Liteg [?], the mathematical underpinning of
OWL 2 QL [Motik et al., 2012]). Axioms are expressed
in terms of three pairwise-disjoint sets NC, NP, and ND de-
noting respectively class names, object property names, and
data property names. Without loss of generality, we assume
these three sets contain only class and property names that
actually occur in 7.

Mappings (M). The mapping set M bridges the semantic
gap between the database and the ontology. A mapping m €
M is a pair of the form:

m = (s:Q(x), t:L)

where the source s:Q(x) is a SQL query over X, and the
target t:L specifies a set L of atom templates. These tem-
plates populate specific ontology elements using values from
the database. Atoms in L take the form of C(t1(x)),
p(t1(x),t2(x)), or d(t1(x1),t2(x2)), where C' € NC, p €
NP, d € ND, and ¢;(x;) are terms constructed from answer
attributes [Sequeda er al., 2011].

Virtual ABox (M(D)). Classically, a Knowledge Base
(KB) is defined as a pair (7,.4), where A (the ABox) is a
finite set of materialized assertions (triples). These triples in-
duce a graph representation where entities are nodes and re-
lations are edges, creating a Knowledge Graph. In the VKG
setting, however, the ABox. is not materialized but virtual.
Given a database instance D, the virtual ABox M (D) is the
set of RDF triples generated by applying the mappings M
to D:

{Llx—o]| (x++0) €Q(x)?,(s: Q(x),t:L) € M,L € L}

where L[x + o] denotes the ground atoms obtained by re-
placing attributes in x with the corresponding values o re-
trieved from the database. Therefore, querying a VKG is
equivalent to reasoning over the virtual KB I = (7, M(D)).

SPARQL Query. SPARQL is the standard language for
querying RDF graphs. A SPARQL query is primarily com-
posed of a graph pattern. The fundamental unit of the pattern
is a triple pattern (s, p, 0), where any position can be a vari-
able. Complex patterns are constructed by combining triple
patterns using logical operators such as AND (conjunction),
UNION (disjunction), OPTIONAL, and FILTER. Evaluating
a SPARQL query y in VKG is performed by first rewriting it
using P to a SQL query Y over the database schema ¥, and
evaluating it over D.

2.2 Task Definition

Given a VKG specification P = (7, M,%), the objec-
tive of VKG-QA is to construct a generation model fp that
takes a natural language question ¢ as input, and generates a
SPARQL query y = fp(q) that corresponds to ¢g. The gen-
erated query y is considered valid if its execution yields the
expected result set of q. This is a schema-only setting: fp
can access only the intensional specification (7, M), not the
database instance D or materialized triples.

3 Methodology

We propose NaVQA (Navigation-based VKG Question
Answering), an end-to-end framework to convert an NL ques-
tion to a SPARQL query for a given VKG system. As il-
lustrated in Figure 1, the pipeline operates in two sequen-
tial stages: Stage 1: Active Ontology Indexing (offline) takes
the ontology 7 and mappings M as input, prunes unmapped
elements, and outputs vector indices (Z¢o, Zp). Stage 2:
SPARQL Query Generation (online) takes a natural language
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Figure 1: Overview of the NaVQA framework.

question as input, retrieves candidate elements, iteratively ex-
pands a subgraph, synthesizes a SPARQL query, and executes
it against the VKG endpoint to retrieve answers.

3.1 Active Ontology Indexing

Active Ontology Construction

First, the set of seed elements £y, which are classes or proper-
ties explicitly referenced by the target templates L within M
is extracted. Formally,

E ={e]| (s:Q(x),t:L) € M, e € sig(L)}

Then we close the elements in & under directly stated onto-
logical dependencies. Formally, for a class e occurring in 7,
Dep(e) denotes the direct superclasses of e explicitly stated
in T; for a property e occurring in 7, Dep(e) includes its
directly stated super-properties and the classes referenced in
its domain and range axioms. Since one step only retrieves
the immediate context of the current signature, the closure is
derived through an iterative sequence initialized with &y. The
set at step k + 1 expands & with these dependencies:

Erir=E U | Dep(e)
ey

The iteration terminates upon reaching a fixed point where
Eko+1 = &k, Finally, the active ontology 7, is obtained by
restricting 7 to the signature &y, .

Index Construction

This phase transforms the signature of 7, into semantic vec-
tor indices. For every ontology element e in 7, a semantic
description desc(e) is synthesized by an LLM based on ag-
gregated metadata (e.g., their IRIs and the values of properties
rdfs:label, rdfs:comment) retrieved from the ontol-
ogy. Subsequently, each description is encoded into a dense

vector representation v, via an embedding model [Zhang et
al., 20251, denoted as Vectorize:

. = Vectorize(desc(e))

These vectors are organized into two specialized indices: a
Class Index (Z¢) for identifying classes, and a Property Index
(Zp) for property matching.

3.2 SPARQL Query Generation

Leveraging the active ontology 7,, this stage constructs a
question-guided graph over its elements to support SPARQL
synthesis. This use of 7, is a closed-world search heuris-
tic over mappings: although 7 keeps its open-world se-
mantics, unmapped ontology elements cannot produce triples
in M(D); consequently, paths involving such elements are
pruned before generation.

Elements Linking and Initialization

To align the user question g with the ontology, we first need to
extract its semantic components and link them to the elements
in the ontology. For a NL question g, let W and Wp denote
the sets of entity mentions and property mentions extracted
from ¢ via an LLM.

For an ontology element e with embedding v. € Z¢o U
Zp and a set of mentions W, we define the relevance score
S(e, W) as the maximum cosine similarity between v, and
any mention embedding w € W:

S(e,W) = max Ve ‘Vectori.ze(w)
weW \ ||v,]|||Vectorize(w)||

This score is used to retrieve the most relevant elements
with respect to the NL question ¢. In particular, we employ
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the Top,, operator, which selects the subset of £k items with
the highest scores, to specify a set C,nq of candidate classes:

C(cand = TOpk (1-078(" WC))

Iterative Subgraph Expansion
The goal of this stage is to iteratively construct a subgraph
Gsup of the active ontology 7, viewed as a labeled graph G,,.
The graph G, consists of triples {c1, p, c2), where ¢; and co
are class names and p is a property name such that 7, en-
tails that the domain (resp., range) of p is c; (resp., c2). Sub-
graph G5, which will later serve as the basis to the process
of SPARQL query generation, is obtained by traversing G,
starting from the set C¢,,q of candidate classes.

We formalize the traversal as a generic search algorithm
with a frontier /5, initially set to a node in C,ng. Expansion at
each node node - proceeds according to Steps 1-2 below.

Step 1: Dynamic Property Selection. We first identify the
set of outgoing properties P,,; connected to nodeqy. in G,.
To guide the expansion, we leverage an LLLM as a judge that
implements a decision function LLM;y44¢(p, ¢, S) € {0, 1},
evaluating whether property p is required to answer the user’s
question ¢, taking into account the relevance score S. This
decision function is used to create a set P;,; of selected prop-
erties, defined as:

Psel = {p € Pout | LLMjudge(p7Q7S(p7 WP)) = 1}

This approach aims to restrict the expansion to paths aligned
with the user question.

Step 2: Path Expansion. For each selected property
p € Py, we retrieve the triples of the kind 7 =
(nodecyrr, p,nodenezt) in G,.  Let Depth(e) denote the
shortest path distance from node e to the starting node. Then,
the update rules for G, and frontier 3 are defined as follows:

gsub — gsub U {T}a
B + BU{nodeycqz+ | Depth(nodecyrr) + 1< Linax }-

Note that, to guarantee termination, we bound the expansion
from each node to a maximum depth L., thereby prevent-
ing infinite exploration loops.

Step 3: Graph Verbalization. The resulting subgraph G
is then used as the knowledge context for SPARQL query
generation by an LLM. Following common practice, Gy is
first converted into a linearized textual representation of its
triples (see Figure 1), yielding a verbalized subgraph.

Query Synthesis and Execution

Subgraph Reranking. - We use the procedure described to
produce a verbalized subgraph for each class in C4p,q. Sub-
sequently, a reranker (instantiated with Qwen3-Reranker-8B
[Zhang et al., 2025]) is employed to evaluate the alignment
between each verbalized subgraph and the user question q.
Ultimately, the single subgraph with the highest semantic
alignment score is selected as the optimal context, with the
aim of filtering out noise from less relevant candidates.

Query Generation and Execution. Conditioned on the se-
lected optimal context and the user question, an LLM gen-
erates the final SPARQL query. Answers to the original NL
question g are retrieved by executing this query against the
Virtual Knowledge Graph (VKG) endpoint.

Dataset Ontology (T) Database (2) Ouest.
Cls. Obj. Dat. Tabs. Cols. Rows
NPD 342 142 238 70 962 257K 134

Bgee 32 23 6 6 29 97K 42
ATKIS 147 12 139 147 1,607 2.7M 144

Table 2: VKG dataset statistics. Quest. denotes the number of an-
notated question-SPARQL pairs.

BanpD B0 Bgee I 0 ATKIS .

> D [0}
o o o
T
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Constraints

Set Operators  Aggregations Ordering

Figure 2: Distribution of SPARQL query structural features. Con-
straints: FILTER; Set Operators: UNION, MINUS, or OPTIONAL;
Aggregations: GROUP BY or COUNT; Ordering: ORDER BY or
LIMIT.

4 Experiments

4.1 Datasets and Setup

Our evaluation is conducted on three real-world VKGs rep-
resenting diverse domains: NPD (Oil Exploration) [Lanti er
al., 2015], Bgee (Gene Expression) [Calvanese et al., 2021],
and ATKIS (Geospatial Data) [Xiao er al., 2025]. As sum-
marized in Table 2, these datasets pose distinct challenges:
NPD is characterized by dense domain vocabulary and un-
even mapping coverage, where many semantically plausible
ontology elements lack mappings and may trigger silent fail-
ures; Bgee features a deep hierarchical structure requiring
rigorous reasoning over transitive closures; and ATKIS rep-
resents a data-intensive scenario with over 2.7 million rows
and 1,607 columns across the schema.

Given the absence of public QA datasets for these VKGs,
we manually curate a dataset of 320 natural language ques-
tions paired with ground-truth SPARQL queries. The con-
struction process follows a strict generation-verification pro-
tocol: (1) experts formulated questions covering diverse logi-
cal intents based on the ontology; (2) corresponding SPARQL
queries were authored and executed against the Ontop system
[Calvanese et al., 2016] to verify their correctness; and (3) a
cross-validation phase was conducted to filter out ambiguous
or structurally invalid queries.

Figure 2 categorizes the query structural features into four
dimensions. Notably, Bgee presents the highest complex-
ity, particularly in Constraints (57.2%) and Set Operators
(40.5%), reflecting the numerical filtering inherent to gene
expression data.

4.2 Evaluation Metrics

Following established protocols in semantic parsing [Gu et
al., 2021], we employ execution-based evaluation to assess
the model’s performance.
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NPD Bgee ATKIS Average

Methods F1 Acc NR F1 Acc NR F1 Acc NR F1 Acc NR
Owen-3-30B

CoT-SPARQL 20.48 19.85 52.67 24.32 24.32 51.35 14.01 14.01 56.57 19.60 19.39 53.53

SPARQLGEN 15.62 15.62 51.04  23.53 23.53 29.41 32.64 26.62 74.27 23.93 21.92 51.57

NaVQA (Ours) 3217  29.69 67.21 48.39  41.46 92.68 50.79  48.54 91.08 43.78  39.90 83.66
GPT-5

CoT-SPARQL 27.68 26.51 73.48 33.33 33.33 74.35 32.21 30.85 68.14 31.07 30.23 71.99

SPARQLGEN 15.87 15.65 53.91 20.51 20.51 40.00  47.15 43.48 71.82 27.84 26.55 55.24

NaVQA (Ours) 39.12  38.98 88.70  54.54  48.78 97.62  65.16 62.05 87.71 5294 49.94 91.34

Table 3: Performance comparison on the NPD, Bgee, and ATKIS datasets. All metrics (F1, Acc, NR) are expressed as percentages. Best

results are highlighted in bold.

To facilitate consistent evaluation, execution results are
normalized into a canonical format. Specifically, we treat
each result row as a multiset of RDF terms, thereby ignoring
variable ordering (e.g., treating SELECT ?s 7?0 as equiva-
lent to SELECT 2o ?s). The canonicalized execution re-
sult is constructed as a multiset of these canonicalized rows,
preserving duplicate occurrences to capture the exact cardi-
nality of the execution result. For question ¢ (1<¢<N), let
A( rop and Agen denote the result multisets for the reference an-
swers and the generated query, respectively.

Execution F1. This metric assesses the overlap between
the generated and reference answers. To account for du-
plicate results accurately, we employ the multiset intersec-
tion operator, denoted as Mpyg. Formally, the multiplic-

ity of a row r in the intersection Al Mpag AZ} is defined
as the minimum_ of its occurrences in the two multisets:
min(count(r, Agn), count(r, A,;)). Precision (P) and Re-
call (R) are then computed as:

pm_w () _ M

A A1

where | - | denotes the cardinality (total element count) of the
multiset. The Execution F1 is the harmonic mean of precision
and recall: F1() = 2.(P®).R®) /(P4 R(®). The average
Flis & SN F10),

Execution Accuracy (Acc). This metric measures the pro-
portion of queries that retrieve the exact answer. A generated
query is considered correct if and only if its execution result
is multiset-equivalent to the reference:

ZH (A = AL

where I(-) is the indlcator functlon, and = denotes multi-
set equivalence. Note that this .A(E,Ql = AE;} corresponds to

achieving an Execution F1 score of 1.0.

Non-Empty Answer Rate (NR). This metric quantifies the
severity of silent failures, by measuring the percentage of
queries that yield at least one result, regardless of correctness:

Z]I (1A% > 0)

Acc =

A significant gap between NR and Acc indicates that the
model is generating syntactically valid but semantically in-
correct queries. Our goal is to maximize NR while maintain-
ing high F1 and Acc.

4.3 Baselines

We evaluate NaVQA against schema-level paradigms us-
ing Qwen-3-30B_[Yang et al., 2025] and GPT-5 [OpenAl,
2025]. Due to the information-access constraints inherent to
the VKG setting (recall Sec. 2.2 and Sec. 1), instance-based
KGQA and Graph-RAG methods are not directly applicable,
as they typically require materialized triples, graph traver-
sal, or reliable execution feedback. This makes execution-
guided SPARQL generation methods such as GRASP [Wal-
ter and Bast, 2025] unsuitable as direct baselines: they rely
on probing the RDF graph, whereas empty results in VKGs
may indicate either an incorrect query or an unmapped on-
tology element. Therefore, we select: (1) CoT-SPARQL [Za-
hera et al., 2024], representing a Prompting-based approach,
where an LLM generates SPARQL queries using a Chain-
of-Thought [Wei er al., 2022] prompt over the full ontology;
and (2) SPARQLGEN [Kovriguina et al., 2023], represent-
ing Retrieval-Augmented generation, which retrieves ontol-
ogy elements relevant to the user question and utilizes one-
shot prompting to guide SPARQL query generation.

4.4 Main Results

Table 3 presents the comparative performance of NaVQA
against representative baselines across different backbone
models.

Overall Performance Comparison. As indicated in Ta-
ble 3, NaVQA establishes a significant performance advan-
tage across all metrics. In terms of Average F1, NaVQA (with
GPT-5) reaches 52.94%, outperforming the CoT-SPARQL
baseline by a margin of +21.87%. This superiority is con-
sistent across datasets with varying characteristics. Notably,
on ATKIS, which features the largest data scale, NaVQA
achieves an F1 score of 65.16%, doubling the performance
of CoT-SPARQL. Similarly, on NPD, characterized by dense
domain vocabulary and uneven mapping coverage, NaVQA
maintains a distinct lead, demonstrating robust adaptability
to both data-intensive and knowledge-intensive scenarios.

Mitigation of silent failures. The NR metric quantifies
silent failures, that is, syntactically valid queries yielding no
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Variant Qwen-3-30B GPT-5

F1 NR F1 NR
Full NaVQA 43.78  83.66  52.94  91.34
w/o AOC 3477 75.63 4561  82.57
w/o ISE 38.14  79.27 4027  84.62

w/o AOC+ISE (CoT-SPARQL)  19.60 5353  31.07 71.99

Table 4: Ablation study showing average performance (in percent-
ages) across all datasets. AOC: Active Ontology Construction; ISE:
Iterative Subgraph Expansion.

results. We observe a significant difference between NaVQA
and the baselines. Standard approaches exhibit low NR
scores (e.g., SPARQLGEN on Bgee is 29.41% with Qwen-
3), suggesting a high frequency of silent failures. In contrast,
NaVQA consistently maintains a high NR (averaging 91.34%
with GPT-5) while achieving the highest Acc scores. This in-
dicates that the generated queries are structurally aligned with
the active ontology, effectively minimizing empty-result exe-
cutions.

Backbone and Grounding Effects. We do not interpret
Table 3 as a general comparison between backbone mod-
els. The key observation is that both Qwen-3-30B and GPT-
5 benefit from active-ontology grounding and iterative sub-
graph expansion, showing that mapping-aware guidance is
crucial in the schema-only VKG setting. Absolute perfor-
mance still varies with dataset structure, e.g., ATKIS is shal-
lower whereas Bgee requires deeper hierarchical reasoning.

4.5 Ablation Study

To evaluate the isolated contribution of each module, we con-
ducted an ablation study utilizing the average performance
across all three datasets. Results are shown in Table 4.

Impact of Individual Modules. As shown in Table 4, re-
moving either AOC or ISE leads to performance drops, but
their specific impact varies across metrics. Removing AOC
results in a clear decline in NR (e.g., from 91.34% to 82.57%
on GPT-5). This confirms that AOC effectively filters out un-
mapped ontology elements, which is essential for generating
executable queries. In contrast, removing ISE has a signif-
icant impact on the F1 score, especially on GPT-5, where it
drops from 52.94% to 40.27%. This indicates that without the
step-by-step verification in ISE, the system struggles to con-
struct valid reasoning paths, leading to structural errors even
when the correct ontology elements are selected.

Synergistic Effect. The most significant performance drop
occurs when both modules are removed (w/o AOC+ISE). In
this setting, the framework is equivalent to the CoT-SPARQL
baseline. As shown in the results, the F1 score decreases sub-
stantially to 31.07% on GPT-5 and 19.60% on Qwen-3-30B.
This demonstrates that AOC and ISE are complementary and
rely on each other to achieve high performance. AOC defines
the valid boundaries of the search space, while ISE validates
the subgraph structure within these boundaries. Without the
guidance from these two modules, the LLM relies entirely
on probabilistic generation based on parametric knowledge,
which frequently leads to structural hallucinations.

Q: “Who is the current operator of Oseberg?”

currentFieldOperator

(1) wlo AOC =T WUnmapped) T~ =

(2) w/o ISE

(3) Full NaVQA

Cd
0 cr;\\m\*u\\ el

DN

silent failure

Disconnected

FieldOperator

eldOperaye,

Figure 3: Case study on NPD under different ablation settings.

Dataset  Search Space (Ontology) Latency (s)

Original Pruned Red. (%) w/o AOC w/AOC Speedup

NPD 13,449 6,688 + 503% 114.14 3291 3.47x
Bgee 882 664 24.7% 92.46 11.30  8.18x
ATKIS 671 641 4.5% 20.93 11.87 1.76x

Table 5: Efficiency analysis using GPT-5. AOC reduces the search
space and latency across datasets.

Case Study. Figure 3 illustrates the question “Who is the
current operator of Oseberg?” (1) Without AOC, the LLM
selects the semantically intuitive but unmapped property
npd:currentFieldOperator, leading to a silent fail-
ure. (2) Without ISE, it sees valid but fragmented elements,
e.g.,npd:FieldOwner and npd:FieldOperator, and
may confuse Owner with Operator or hallucinate a di-
rect edge from npd:Field to npd:Company. (3) The
full model combines both modules: AOC removes un-
mapped shortcuts, while ISE recovers the mapped path
through operatorForField, npd:FieldOperator,
and fieldOperator.

4.6 Further Analysis

Efficiency Analysis. Table 5 reports the impact of AOC on
end-to-end latency, which measures the total time required
to transform an NL question into a SPARQL query. While
multi-stage reasoning frameworks typically incur additional
computational overhead, NaVQA partially mitigates this is-
sue by reducing the query search space. For instance, on
the Bgee dataset, AOC reduces the ontology scale by 24.7%,
resulting in an 8.18x speedup (decreasing from 92.46s to
11.30s). This significant acceleration is attributed to the pre-
cise pruning of the ontology: by filtering out irrelevant on-
tology elements, the system eliminates potential distractors
that induce noise during generation, and thus avoids explor-
ing invalid query paths. Consequently, our approach achieves
superior accuracy and significantly reduces the total process-
ing time compared to the unpruned baseline.

Robustness to Query Complexity. Table 6 shows the per-
formance relative to the number of hops in the SPARQL
queries. The performance of the baseline SPARQLGEN de-
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Non-Empty Returns  Silent Failures Syntax Errors

Query Complexity N S N S N S
1-Hop 96 78 1 7 3 15
2-Hop 84 42 3 38 13 20
3-Hop+ 70 15 6 60 24 25

Table 6: Distribution of query outcomes (in percentages) across
varying query complexities. N denotes NaVQA, and S denotes the
SPARQLGEN baseline.

clines significantly as query hop increases, with silent fail-
ures rising from 7% (1-hop) to 60% (3-hop+). This indicates
that longer query paths significantly increase the probabil-
ity of traversing unmapped ontology elements, which leads
to empty results in the baseline. In contrast, NaVQA ex-
hibits strong robustness to this query complexity. By guiding
the generation with the active ontology, it maintains a 70%
non-empty return rate on 3-hop+ queries while keeping silent
failures under 6%, effectively handling complex query paths
where mapping coverage is sparse.

5 Related Work

In this section, we review the Text-to-SQL and KGQA
paradigms and discuss their applicability to the VKG setting.

5.1 Text-to-SQL

Text-to-SQL aims to translate natural language questions into
executable SQL queries. Early approaches primarily relied on
sequence-to-sequence models or slot-filling techniques [Qin
et al., 2022]. However, with the rapid advancement of LLMs;
the recent research has shifted towards leveraging them to ad-
dress the task [Liu et al., 2025b]. Consequently, we focus our
review on these recent LLM-based methodologies.

Prompt Engineering. DAIL-SQL [Gao er al., 2024] en-
hances performance by selecting few-shot examples via
structural similarity. For handling complex queries, DIN-
SQL [Pourreza and Rafiei, 2023] and C3 [Dong e al., 2023]
introduce strategy decomposition and context calibration, en-
abling models to break down hard queries into manageable
steps.

Instruction Tuning. SQL-PaLM [Sun et al., 2024c] fine-
tunes proprietary models with execution feedback, while
CodeS [Li et al., 2024] offers an open-source alternative with
parameters ranging from 1B to 15B, pre-trained on specifi-
cally curated SQL-centric corpora.

Agent-based Frameworks. To improve reliability, systems
like MAC-SQL [Wang er al., 2025] adopt multi-agent col-
laboration. By employing specialized roles (e.g., planner or
refiner) for iterative validation, these frameworks effectively
mitigate hallucinations found in single-pass generation.

5.2 KGQA

KGQA aims to retrieve answers from structured data repre-
sented as a graph of entities and relations. We categorize ex-

E.g., queries for which schema mapping is non-trivial or those
using multiple joins or having a nested structure.

isting approaches based on how they utilize the graph struc-
ture during the answer generation process.

Graph-Augmented Generation. Methods like
KGP [Wang et al, 2024] and PathRAG [Chen er al.,
2025a] verbalize retrieved subgraphs to provide coherent
context to an LLM, while KG-Adapter [Tian er al., 2024]
employs a learnable adaptation layer to capture graph
features. Entity linking and knowledge selection are also
closely relevant to VKG-QA. For example, MAPS [Chen et
al., 2025b] improves zero-shot entity linking, and Huang et
al. [Huang et al., 2025] select question-relevant knowledge
via iterative encoding and re-ranking.

Iterative and Agentic Reasoning. These approaches in-
tegrate LLMs with dynamic graph traversal or tool use.
ToG [Sun et al., 2024a] and RoG [Luo et al., 2024] itera-
tively explore the graph using intermediate results to guide
generation. Agentic frameworks like KG-Agent [Jiang et al.,
2025] and ODA [Sun et al., 2024b] further advance this idea
by selecting tools or adjusting trajectories based on feedback.
More recently, GRASP [Walter and Bast, 2025] uses LLM-
guided search and SPARQL execution to construct queries
over RDF graphs.

Ontology-Guided Generation. These approaches exploit
ontology semantics to improve SPARQL generation or val-
idation. - GAIL [Zhang er al., 2024] fine-tunes models on
synthesized data to improve logical validity, while a recent
study [Liu et al., 2025a] proposes an ontology-guided reverse
thinking strategy to enhance generalization. One study [Alle-
mang and Sequeda, 2024] uses ontology-based checking and
LLM repair to fix structurally invalid SPARQL queries.

None of the discussed approaches are directly applicable
to VKG-QA. Text-to-SQL rely on database schemas, which
are typically very different from the high-level ontologies in
VKGs, while KGQA requires materialized triples. Moreover,
existing ontology-based methods typically assume that all on-
tology elements are populated. Contrarily to our method, they
fail to filter out unmapped ontology elements, often leading
to empty results.

6 Conclusion and Future Work

In this paper, we study the problem of silent failures in VKG-
QA, which arise from the semantic mismatch between the
high-level ontology and the actual data mappings of a VKG
setting. We proposed NaVQA, a framework that mitigates
this issue by identifying active ontology elements and em-
ploying an iterative subgraph expansion to guide SPARQL
query generation. Experiments on real-world VKGs confirm
that our approach effectively mitigates silent failures and sig-
nificantly outperforms existing baselines. In future work,
we plan to extend NaVQA in two directions: (1) enhanc-
ing the capabilities to support complex analytical queries in-
volving nested aggregations and comparative reasoning; and
(2) exploring automated mapping enrichment, where the sys-
tem identifies frequently queried but unmapped ontology ele-
ments to suggest new mappings to the VKG maintainers.
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