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Abstract

Question answering over heterogeneous knowl-
edge graphs (KGQA) requires reasoning across
diverse schemas, partial alignments, and dis-
tributed endpoints. Existing text-to-SPARQL
methods either depend on domain-specific fine-
tuning or assume a single graph, limiting trans-
fer to low-resource domains and hindering
cross-graph queries. We present AGENTICT?S,
a modular framework that decomposes a ques-
tion into subgoals handled by agents for re-
trieval, SPARQL generation, and verification.
An allocator selects each subgoal to one or
more candidate graphs using weak-to-strong
schema alignment, and reduces to the single
endpoint in the standard single-KG setting.
To improve reliability, a two-stage verifier fil-
ters structurally invalid and semantically un-
derspecified queries via symbolic validation
and counterfactual consistency checks. Across
three Wikidata benchmarks and a circular econ-
omy multi-KG benchmark, AGENTICT?S im-
proves execution accuracy and triple-level F}
by +21.28 and +22.83 percentage points, re-
spectively, on average over the strongest base-
line (AutoGen). On the heterogeneous circular
economy benchmark, it reduces average input
tokens by 46.4% (875 vs. 1632 ATU). Overall,
the results show that agentic decomposition,
schema-aware routing, and explicit verification
yield more reliable text-to-SPARQL for hetero-
geneous, multi-graph KGQA.

1 Introduction

Large language models (LLMs) demonstrate strong
performance in a range of natural language process-
ing tasks (Min et al., 2023), but face limitations in
knowledge-intensive settings. Because their out-
puts are based on pre-trained parameters, LLMs
are prone to hallucination and may lack factual
consistency (Ji et al., 2023). Retrieval-augmented
generation (RAG) addresses this by incorporating
external information at inference time (Lewis et al.,
2020), although most RAG systems operate over

unstructured text, which lacks the semantic struc-
ture required for accurate multi-hop reasoning.

Structured retrieval methods such as
GraphRAG (Ji et al.,, 2024) have been pro-
posed to integrate LL.Ms with knowledge graphs
(KGs), which offers improved precision and inter-
pretability. However, existing systems often embed
large subgraphs in prompts (Cui et al., 2024), in-
creasing latency and exceeding context limits; rely
on weakly supervised retrievers (Yasunaga et al.,
2021); and couple retrieval, generation and valida-
tion into single-agent pipelines (He et al., 2024; Xu
et al., 2024), reducing modularity and adaptability.
In addition, even state-of-the-art models struggle
to generate semantically correct SPARQL queries,
particularly on unseen graphs (Meyer et al., 2024).
SPARQL is a standardized query language for
RDF-based KGs (W3C, 2013), used to express
structured queries involving logical conditions,
joins, and filters.

This work introduces AGENTICT?2S, a modu-
lar framework for answering questions on hetero-
geneous KGs. The system decomposes a natural
language query into sub-goals corresponding to
reasoning operations such as entity lookup or com-
parison. Each subgoal is routed to candidate graphs
via weak-to-strong schema alignment and retrieval
evidence, translated into executable SPARQL using
schema-guided decoding, and validated using sym-
bolic checks and counterfactual consistency anal-
ysis. The architecture separates retrieval, genera-
tion, and verification into distinct agents to improve
transparency, error isolation, and generalizability.

To our knowledge, AGENTICT?S is among the
first approaches to cast heterogeneous, multi-graph
KGQA text-to-SPARQL as a multi-agent pipeline.
The system comprises five agents—a subgoal de-
composer, graph allocator, SPARQL synthesizer,
dual-stage verifier, and result integrator—that co-
ordinate to support compositional reasoning and
reliable query execution. We evaluate the design on



Wikidata benchmarks and a circular economy set-
ting, where distributed data sources and non-unified
classification schemes motivate schema-aware rout-
ing and verifiable synthesis (Atiku, 2020).

Contributions.

* We formulate heterogeneous, multi-graph
KGQA as a text-to-SPARQL planning prob-
lem, where a question is decomposed into sub-
goals that yield a set of executable SPARQL
subqueries and an integrated final answer, cov-
ering single-KG QA as a special case.

» We propose AGENTICT?S, a modular agent
pipeline with (i) weak-to-strong schema align-
ment for per-subgoal graph allocation, (ii)
schema-grounded SPARQL synthesis with
template scaffolding and post-hoc repair, and
(iii) a dual-stage verifier that combines sym-
bolic checks with counterfactual consistency
testing.

* We evaluate on three Wikidata text-to-
SPARQL benchmarks and a circular economy
multi-KG benchmark (328 questions over
three in-house RDF KGs), using a matched-
backbone zero-shot protocol and component
ablations to quantify the contribution of each
module.

2 Related Work

RAG methods incorporate external information to
improve the factual consistency of the language
model output (Lewis et al., 2020; Gao et al., 2023).
While effective for unstructured question answer-
ing, they assume flat input formats and are not well
suited for tasks involving structured queries, multi-
hop reasoning, or schema constraints.

GraphRAG (Edge et al., 2024; Wu et al., 2025a)
and related methods extend RAG by converting
local graph neighborhoods into textual prompts.
These methods retain some structural context but
are limited by prompt length, formatting depen-
dencies, and an assumption of a single underlying
graph. Most also lack validation mechanisms for
generated queries (Wang et al., 2025).

Other work decomposes question answering into
modular components for retrieval, reasoning, and
execution (Tran et al., 2025; Barbosa et al., 2024).
Multi-agent systems extend this idea by assign-
ing subtasks to separate agents (Guo et al., 2024;
Yang et al., 2025). For example, ReAgent (Xinjie

et al., 2025) applies local and global backtrack-
ing in multi-hop QA over text. These systems are
typically applied to unstructured input and do not
address structured query generation.

General purpose agent frameworks such as Re-
Act (Yao et al., 2023), AutoGen (Wu et al., 2024),
CAMEL (Li et al., 2023), and MetaGPT (Hong
et al., 2023) implement role-based decomposi-
tion for planning and tool interaction across tasks.
These methods have been applied to information
retrieval, decision-making, and code synthesis in
unstructured or semi-structured settings. They are
not designed for structured KGQA and lack support
for schema-aware reasoning or query verification.

Positioning. AGENTICT?S targets robust text-
to-SPARQL over heterogeneous, multi-graph KGs.
It combines (i) subgoal decomposition for com-
positional queries, (ii) schema-aware routing to
select compatible graphs per subgoal, (iii) schema-
grounded synthesis with template scaffolding and
post-hoc repair, and (iv) explicit verification to filter
invalid or underspecified queries before execution.
This design improves executability and accuracy
without task-specific fine-tuning.

3 Problem Formulation

Given a natural language question ¢, the task
is to produce a set of executable SPARQL sub-
queries {s;}¥_, (optionally aligned with subgoals
{gi} le) that retrieve a complete and semantically
correct final answer A by querying an appropri-
ate subset of a heterogeneous KG collection G =
{G1,Ga,...,G,}. This formulation also covers
the standard single-KG (single-endpoint) setting as
a special case where n = 1. Each KG G; € G con-
sists of entities and relations represented as triples
(h,r,t), where h and ¢ are entities, and r is a rela-
tion type (Saxena et al., 2020).

A valid subquery s; is expected to satisfy two
properties. First, it must be executable, meaning
it can be evaluated on its allocated graph G; € G
without syntax or schema violations. Second, it
must be semantically accurate, in that it reflects
the intent of ¢ (or the corresponding subgoal) and
returns a correct intermediate answer set A; C Ent,
where Ent is the union of entity sets across all
graphs in G. The final answer A is obtained by
integrating intermediate results {4;}*_,.

This task presents several challenges. The graphs
in G may differ in schema, vocabulary, and struc-
tural representation, introducing substantial het-
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Figure 1: Overview of the AGENTICT?S framework. The system decomposes a natural language query into subgoals,
allocates them to relevant graphs, generates SPARQL queries, verifies their correctness, and integrates the answers.

erogeneity. Answering a question may require
distributed reasoning, where information must
be aggregated from multiple KGs. Furthermore,
many KGQA benchmarks lack the gold-standard
SPARQL annotations, limiting the feasibility of su-
pervised learning. Finally, practical systems must
meet efficiency requirements, making retrieval and
query generation time sensitive.

The objective is to develop a system that, given
an input question ¢ and a collection G of KGs,
produces executable subqueries {si}f’:l such that
executing them on an appropriate subset of G yields
intermediate results that can be integrated into a
correct and complete final answer A. Table 6 in
Appendix G summarizes notations used.

4 System Design

We present AGENTICT2S, a modular multi-agent
framework to answer natural language questions on
heterogeneous KGs. Unlike end-to-end GraphRAG
pipelines (Han et al., 2024), which tightly link re-
trieval and generation in a single prompt-based
step, AGENTICT?S separates the task into distinct
components: subgoal decomposition, adaptive re-
trieval, query generation, verification, and answer
aggregation. Each component is implemented as
an independent agent with a clear input-output in-
terface (Wu et al., 2025b), allowing for parallelism,
interpretability, and easier adaptation across do-
mains. Given a question, the system first decom-

poses it into a sequence of subgoals. Each subgoal
is then routed to a target KG selected based on
schema compatibility and retrieval utility. Struc-
tured queries are generated under schema con-
straints and validated through a two-stage verifica-
tion process. The resulting sub-answers are aggre-
gated into a final response. The complete workflow
is detailed in Algorithm 1.

Algorithm 1: AGENTICT?S Pipeline for Heteroge-
neous KGQA

Require: Question ¢; KG collection G =
{G1,...,Gn}
Ensure: Final answer A
1: {g1,.--, 9%} < SUBGOALPARSER(q)
2: fori < 1to k do
3 Ci; < CANDIDATEGRAPHS(g;, G)
4 G; < ALLOCATOR(g;,C;) > degenerates
whenn =1
5 s; <~ SPARQLSYNTHESIZER(g;, G;)
6: if VERIFIER(s;, G;) passes then
7 A; <+ EXECUTEQUERY(s;, G;)
8
9

else

: A; < FALLBACKORSKIP(g;)
10: end if
11: end for
12: R+ {(gi, Gy, si, Al)}le

13: A < RESULTINTEGRATOR(R, q)
14: return A




4.1 Compositional Subgoal Parser Agent
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Figure 2: The overall workflow of the Compositional
Subgoal Parser Agent.

The Compositional Subgoal Parser Agent ini-
tiates the AGENTICT?S pipeline (Algorithm 1,
line 1) by decomposing a natural language question
into a sequence of subgoals, each corresponding to
a basic reasoning operation such as entity retrieval,
condition filtering, or aggregation (Figure 2). The
parser employs a rule-based strategy that combines
shallow syntactic analysis with domain-specific
heuristics. Structured prompts are used to guide
a language model in identifying syntactic patterns,
segmenting the question into subgoals, and assign-
ing intent labels based on linguistic structure. The
agent also includes mechanisms to detect ambigu-
ity or underspecified semantics; when triggered,
these prompt the user for clarification to ensure
subgoal completeness and correctness.

This approach does not require task-specific
training data and is generalized across heteroge-
neous KGs. By decomposing complex queries into
semantically independent components, the parser
simplifies the reasoning process and enhances co-
ordination among downstream agents.

4.2 Hierarchical Alignment Allocator Agent

Each subgoal is assigned to a relevant KG by the
Hierarchical Alignment Allocator Agent (Algo-
rithm 1, line 4), which selects candidate graphs
through a two-stage retrieval process: coarse-
grained filtering and fine-grained schema alignment
based on the subgoal’s intent and constraints (Fig-
ure 3).

In the weak retrieval stage, the alloca-
tor encodes each subgoal and each KG’s
schema summary (with domain labels) using
thenlper/gte—-small, and retrieves candi-
date KGs by cosine similarity in the embedding
space. For each selected graph, a secondary search
is conducted over its internal source files, such as

ontology documents and schema descriptions, to
locate relevant terms associated with the subgoal.
In the strong retrieval stage, schema-level align-
ment is performed on the top-ranked candidates.
This step extracts predicates, class hierarchies, and
domain-range constraints to assess whether the
graph’s structure is compatible with the subgoal.
The KG pool and metadata index support incre-
mental updates, allowing the system to incorporate
new resources without reprocessing. As additional
KGs and metadata become available, the alloca-
tor adjusts its retrieval strategy to maintain schema
alignment. Retrieval decisions are further refined
using utility scores from downstream verification,
enabling the system to respond to schema drift and
improve retrieval precision in complex queries.
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Figure 3: The overall workflow of the Hierarchical
Alignment Allocator Agent.

4.3 Pattern-Driven SPARQL Synthesizer
Agent

The Pattern-Driven SPARQL Synthesizer Agent
(Algorithm 1, line 5) generates executable
SPARQL queries from verified subgoals in three
stages: query skeleton design, schema grounding,
and post-hoc decoding (Figure 4).

In the query skeleton design stage, the agent
selects a query template from a predefined library
based on the subgoal’s intent, such as entity re-
trieval, predicate filtering, or attribute matching.
Each template represents an abstract SPARQL pat-
tern and is parameterized with schema elements
obtained from the previous agent. The template
is instantiated with these elements to produce an
initial query structure that is consistent with the
schema and semantics of the target KG.

The schema grounding stage refines this struc-
ture by incorporating ontology-level constraints,
including predicate types, class hierarchies, and
domain-range specifications. This step replaces



generic placeholders with concrete schema compo-
nents and enforces compatibility between entities,
relations, and types defined in the graph. The result-
ing query is semantically coherent and structurally
valid within the context of the selected KG.

To ensure reliability under diverse query condi-
tions, the final stage, post-hoc decoding, serves
as a model-agnostic validation layer that enforces
structural and semantic correctness. Operating inde-
pendently of the generation model, it systematically
verifies syntax, resolves prefixes, and checks pred-
icate usage, variable bindings, and schema align-
ment. In addition, it identifies query structures that
are prone to execution failure, such as those that
produce empty answer sets or violating ontology
constraints. By applying targeted corrections only
when necessary, post-hoc decoding provides a fi-
nal safeguard, producing SPARQL queries that are
not only valid and executable, but also resilient to
schema variability across KGs.
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Figure 4: The overall workflow of the Pattern-Driven
SPARQL Synthesizer Agent.

4.4 Dual-Stage Consistency Verifier Agent

To safeguard against execution errors and under-
specified queries, the Consistency Verifier Agent
(Algorithm 1, line 6) applies a two-stage verifica-
tion process prior to query execution.

In the first stage, symbolic validation is applied
to assess syntactic correctness, predicate usage, and
type compatibility with the schema of the target
KG. The agent also performs a preliminary execu-
tion check to ensure that the query yields a non-
empty result under current graph conditions. The
agent uses a bounded trial execution as a soft signal;
empty results trigger revision or fallback.

In the second stage, counterfactual testing is used
to evaluate the semantic specificity. The agent gen-
erates m=3 type-preserving perturbations (entity

swaps, predicate swaps, and filter tighten/relax op-
erations) and compares answer sets using Jaccard
similarity. Queries with average similarity > 0.8
across perturbations are flagged as overly general or
underspecified. Only queries that pass both checks
are forwarded for execution; others are revised or
discarded. This mechanism improves the reliabil-
ity of the final result by enforcing both structural
validity and semantic precision.

4.5 Multi-Graph Consensus Aggregator
Agent

Consensus Aggregator Agent (Algorithm 1,
line 12) consolidates partial query results retrieved
from multiple KGs. The agent first performs en-
tity alignment across heterogeneous sources to re-
solve equivalence and redundancy. It then gener-
ates a unified natural language response by merging
sub-answers using an LLM. This aggregation step
ensures that the final output is consistent across
sources and robust to variations in schema or ter-
minology.

4.6 Complexity Analysis

For a query decomposed into k sub-goals, the
end-to-end work of Algorithm 1 is O(k)| |g| + n +

E_1[Sj1+BLA4m Texee + |G,|], where |q] is the
question length, n the total number of KGs, p<n
the candidates that survive weak-tier retrieval, S;
the schema slice of graph G;, B and L the beam
width and decoded length in the synthesizer, m the
counterfactual checks in the verifier, and Texe. the
cost of one SPARQL evaluation on the executed
graph of size |G|. All stages are embarrassingly
parallel across sub-goals and graphs, so wall-clock
latency is dominated by a handful of LLM calls
and at most k verified query executions.

S Experiments

5.1 Experimental Setup

We evaluate AGENTICT?S and all baselines on
a standardized text-to-SPARQL generation task,
where each system receives a natural language
question and generates a SPARQL query, which is
executed against the relevant KGs. AGENTICT?S
runs in a hybrid setup that combines local model
inference with API-based access to LLMs. The sys-
tem is implemented using the LangGraph frame-
work (LangGraph Contributors, 2024), which sup-
ports agent coordination, intermediate state track-
ing, and structured execution flow.



Local components include lightweight mod-
els for schema retrieval, subgoal parsing, and
triple pattern scoring, executed on a workstation
with four NVIDIA RTX 4090 GPUs. For lan-
guage generation tasks that require larger context
and structured decoding, we use LLaMA3-70B
and LLaMA3.3-70B (Touvron et al., 2024),
Qwen3-32b and QwQ-32b (Qwen Team, 2024)
via Groq API (Groq, Inc., 2024). The remaining
models are accessed via their official APIs. In the
main experiments, all methods use Qwen3-32b
as the shared backbone, additional comparisons
across different backbone LLMs are reported in the
Appendix C. All models are evaluated in zero-shot
mode with a fixed temperature of 0.7 and no task-
specific fine-tuning. Prompt and SPARQL query
skeleton templates are provided in Appendix D and
Appendix E, respectively.

5.2 Datasets and Evaluation Settings

We evaluate on three standard text-to-SPARQL
benchmarks executed on Wikidata: LC-
QuAD 2.0 (Dubey et al., 2019), QALD-9
Plus (Perevalov et al., 2022), and QALD-10 (Li
et al., 2024). QALD-9 Plus extends QALD-9 by
adding multilingual questions and transferring
SPARQL queries from DBpedia to Wikidata; we
use only the English split. QALD-10 increases
query complexity, with 412 training questions
derived from the QALD-9 Plus Wikidata split and
a newly created test set of 394 questions reflecting
real-world information needs.

In addition, we evaluate three in-house RDF
knowledge graphs for industrial resource ex-
changes in the circular economy domain: German-
IS (8,649 triples; 265 exchange cases), EU-Pilot
(11,810 triples; 305 cases), and Waste-Ledger
(52,402 triples; 1,727 waste/resource flows with
quantitative attributes). We construct a benchmark
of 328 natural-language queries spanning both
single-KG and cross-KG settings over these graphs.
Models are evaluated with three random seeds;
we report mean + standard deviation. Additional
dataset details and benchmark construction are pro-
vided in Appendix A.1 and Appendix A.2.

5.3 Baselines

We compare against three categories of baselines:
Zero-Shot LLMs. Models prompted to generate
SPARQL from natural language, without task-
specific fine-tuning. This includes LLaMA3-70B
and LLaMA3.3-70B (Touvron et al., 2024),

Qwen3-32b and QwQ-32b (Qwen Team,
2024), DeepSeek-V3 (Liu et al., 2024), and
GPT-40 (OpenAl, 2024).

Reasoning-Augmented LLMs. The same mod-
els are evaluated with chain-of-thought prompt-
ing (Wei et al., 2022) and self-ask prompting (Press
et al., 2023) to elicit intermediate reasoning steps
prior to query generation.

Agent Controllers. General-purpose multi-
agent frameworks, including ReAct (Yao et al.,
2023) and AutoGen (Wu et al., 2024), are com-
bined with LLaMA3 and Qwen3. These systems
define planning and execution roles, but do not in-
corporate symbolic verification or schema-guided
generation.

5.4 Evaluation Metrics

We evaluated model performance using four met-
rics: execution accuracy (EA), query syntax cor-
rectness (QSC), triple-level F1 (TF1), and average
token usage (ATU). EA measures whether the gen-
erated SPARQL query executes without error and
returns an answer set that matches the gold stan-
dard. QSC reflects the proportion of syntactically
valid queries based on Apache Jena parsing. TF1
computes micro-averaged F1 over triple patterns
in the WHERE clause, ignoring variable renaming
and FILTER expressions. ATU reports the average
number of tokens used per prediction as a proxy
for generation efficiency. Detailed of these metrics
are in Appendix A.3.

5.5 Main Results

Table 1 reports EA, QSC, and TF1 on four datasets,
with all methods evaluated under a matched-
backbone setting and results averaged over three
random seeds (mean = standard deviation). Over-
all, AGENTICT?S achieves the best performance
on every dataset and metric.

Performance across Wikidata benchmarks.
On LC-QuAD 2.0, AGENTICT?S reaches 84.13
+ 1.20 EA, 89.45 + 1.11 QSC, and 87.08 +
1.42 TF1. This is a large improvement over the
strongest agent-controller baseline in Table 1 (Au-
toGen: 65.06 EA /71.82 QSC / 69.10 TF1), corre-
sponding to absolute gains of +19.07 EA, +17.63
QSC, and +17.98 TF1.

On QALD-9 Plus, AGENTICT?S achieves 86.08
+ 1.15 EA, 90.50 + 1.26 QSC, and 88.34 + 1.07
TF1, improving over AutoGen (67.33 / 73.18 /
70.21) by +18.75 EA, +17.32 QSC, and +18.13
TF1.



Table 1: Performance comparison of different configurations on structured KGQA across four datasets. All methods

share the same LLM backbone and are evaluated against matched baselines.

Dataset Method EA (%) QSC (%) TF1 (%)
Vanilla LLM 47.63 £1.20 58.00+1.22 5213+ 1.14
Reasoning LLM 54.02+1.12 61.23 £1.07 58.26 +1.10
LC-QUAD 2.0 ReAct Agent 63.77£1.20 68.60£1.45 65.73 +£1.31
AutoGen Agent 65.06 £1.17 71.82+1.23 69.10+ 1.44
AGENTICT?S (Ours) 84.13+1.20 89.45+1.11 87.08 + 1.42
Vanilla LLM 5620+ 132 60.17 £ 1.56 5821 +£1.45
Reasoning LLM 63.33 +£1.24 66.02+1.07 6546+ 1.28
QALD-9 Plus ReAct Agent 6590 £ 1.11 69.62+1.14 67.00 &+ 1.28
AutoGen Agent 67.33 £1.27 73.18 £1.47 70.21 & 1.46
AGENTICT?S (Ours) 86.08 +1.15 90.50 + 1.26 88.34 + 1.07
Vanilla LLM 3140 £1.18 37.00+ 133 3558 +£1.06
Reasoning LLM 36.27 +1.48 40.50 £ 1.13 38.31 +1.20
QALD-10 ReAct Agent 40.13 £1.22 4457 +£1.26 4271 + 1.33
AutoGen Agent 43.18 £ 1.27 4652+ 141 45.00 = 1.34
AGENTICT?S (Ours) 67.10 +1.17 71.55+1.10 69.80 & 1.30
Vanilla LLM 20.02 +1.03 2473 £1.22 23.00+ 1.00
Reasoning LLM 40.25 £ 1.05 4568 +1.82 4272+ 1.01
Circular Economy ReAct Agent 4713 £1.45 54.65+2.01 5230+ 1.88
AutoGen Agent 49.06 £1.12 58.394+1.93 5328 £1.62
AGENTICT?S (Ours) 72.43+1.24 76.21+1.19 83.68 & 0.39

On QALD-10, which contains substantially
more complex queries, AGENTICT?S attains 67.10
£ 1.17 EA, 71.55 + 1.10 QSC, and 69.80 £ 1.30
TF1, exceeding AutoGen (43.18 / 46.52 / 45.00)
by +23.92 EA, +25.03 QSC, and +24.80 TF1. The
larger gains on QALD-10 indicate that explicit de-
composition and validation become increasingly
important as query structure and compositional con-
straints grow.

Performance on the Circular Economy bench-
mark. On the domain-specific Circular Econ-
omy benchmark (single-KG and cross-KG queries
across three in-house RDF graphs), AGENTICT?S
achieves 72.43 £+ 1.24 EA, 76.21 + 1.19 QSC, and
83.68 + 0.39 TF1. Compared to AutoGen (49.06 /
58.39/53.28), this yields absolute improvements
of +23.37 EA, +17.73 QSC, and +30.40 TF1. No-
tably, the particularly large TF1 gain suggests that
the proposed framework more reliably grounds gen-
eration in the correct schema-level relations, which
is critical for heterogeneous and schema-rich indus-
trial KGs. We additionally report KGs allocation
performance in Appendix B to characterize cross-

KG routing behavior on cross-KG queries.

Comparison to prompting-based reasoning
baselines. Reasoning-augmented prompting im-
proves over vanilla prompting consistently, for ex-
ample, on Circular Economy, EA increases from
20.02 to 40.25. However, AGENTICT?S remains
substantially ahead across all datasets. For exam-
ple, on QALD-10, AGENTICT?S improves over
the Reasoning LLM baseline by +30.83 EA and
+31.49 TF1; on Circular Economy, it improves by
+32.18 EA and +40.96 TF1. These gaps indicate
that prompting alone is insufficient to reliably sat-
isfy structural constraints and KG-specific seman-
tics, whereas modular reasoning combined with
validation yields more robust SPARQL synthesis.

Aggregating results as an unweighted macro-
average over the four datasets, AGENTICT?S
achieves 77.44 EA, 81.91 QSC, and 82.23 TF1,
outperforming the strongest baseline in Table 1
(AutoGen) by +21.28 EA points on average. Over-
all, these results show that the proposed agentic
decomposition, schema grounding, and verifica-
tion pipeline improves both syntactic validity and



Table 2: Ablation study on the contribution of key components in the AGENTICT?S framework. Results reported on

circular economy datasets.

Configuration EA (%) QSC (%) TF1(%)
Ours w/o Decomposer Agent 23.68 £ 0.66 4531 4+0.19 4542 +1.32
Ours w/o Allocator Agent 25.124+0.18 31.02+1.12 37.08 +£0.36
Ours w/o Synthesizer Agent - - -

Ours w/o Verifier Agent 55.12+0.56 60.23 +1.10 66.17 4+ 0.23
Ours w/o Agentic Collaborative 43.43 £0.78 52.56 + 0.50 47.22 £0.16
Full AGENTICT?2S 7243 £1.24 76.21 +=1.19 83.68 = 0.39

execution-level accuracy, with especially large ben-
efits on complex and cross-KG query settings.

5.6 Ablation Study

To assess the contribution of each component, we
perform ablations by disabling the Decomposer
Agent (no subgoal parsing; pass q directly to the
SPARQL generator), the Allocator Agent (replace
graph selection with BM25 retrieval over the full
KG pool), the Synthesizer Agent (skip query
generation and return retrieved schema triples as
pseudo-answers), and the Verifier Agent (execute
queries without symbolic or counterfactual vali-
dation), and by removing Agentic Collaboration
(execute all subtasks in a monolithic pipeline with-
out scheduling).

As shown in Table 2, removing the subgoal de-
composer leads to a sharp drop in EA from 72.4%
to 23.7%, underscoring the importance of compo-
sitional parsing. Disabling the allocator similarly
reduces performance, reflecting the impact of se-
mantic drift when retrieval is not schema-aware.
Omitting the verifier results in a 17% decline in EA,
indicating that many syntactically valid queries are
semantically underspecified. These results confirm
the role of modular reasoning and symbolic vali-
dation in achieving accurate and robust SPARQL
generation.

5.7 Qualitative Analysis

Figure 7 in Appendix F provides a step-by-step ex-
ample of query processing under the AGENTICT?S
framework. The initial input is incomplete and un-
derspecified: “For product code found in the re-
sources, which trade codes co-occur with it?” The
system initiates a clarification step, reformulating
the input into a fully specified intent that references
waste classification codes and requests cooccur-
rence information.

The clarified question is decomposed into sub-

goals, which are dispatched to the appropriate KGs
(EU-Pilot and Waste-Ledger) based on schema
compatibility. SPARQL queries are then generated
for each subgoal using pattern-based templates.
During verification, a syntactic and semantic check
identifies a non-existent predicate in the initial out-
put. The system modifies the query accordingly,
replacing the faulty predicate with the correct one.
Following validation, verified queries are exe-
cuted and their outputs aggregated. The final out-
put includes both the SPARQL representation and
a natural language statement indicating the map-
ping between CPA code 011150 and HS code
100610. The example illustrates the role of clar-
ification, decomposition, schema validation, and
multi-graph answer fusion in the overall pipeline.

6 Conclusion

We presented AGENTICT?S, a modular multi-
agent framework for robust text-to-SPARQL gen-
eration over heterogeneous knowledge graphs.
The framework decomposes questions into sub-
goals, allocates each subgoal via weak-to-strong
schema alignment, synthesizes schema-grounded
SPARQL using pattern-driven templates with post-
hoc repair, and validates candidates using a dual-
stage verifier combining symbolic and counter-
factual consistency checks. Experiments on three
Wikidata benchmarks and a domain-specific cir-
cular economy benchmark show consistent im-
provements over matched prompting and general-
purpose agent controllers, with the largest gains on
higher-complexity queries. Ablations further con-
firm that subgoal decomposition and verification
are critical to execution-level accuracy. Future work
will extend support for more advanced SPARQL
constructs, improve robustness under schema drift,
and optimize end-to-end latency and token cost.



Limitations

Our framework has several limitations. First, al-
though AGENTICT?2S supports both heterogeneous
multi-KG collections and the standard single-
endpoint setting, its overall performance still de-
pends on the availability and quality of schema
metadata; weak or outdated ontology documenta-
tion can lead to mis-allocation and schema ground-
ing errors. Second, the multi-agent pipeline intro-
duces additional engineering complexity and run-
time overhead compared to a single-shot text-to-
SPARQL baseline, since it may require multiple
LLM calls, verification steps, and (optionally) re-
tries; the latency and cost trade-offs may be unfa-
vorable in strict real-time scenarios. Third, our eval-
uation focuses on a limited set of KGs and query
distributions; generalization to other domains, end-
points with different SPARQL dialect quirks, or
highly complex queries (e.g., nested subqueries,
advanced aggregates, or heavy use of OPTION-
AL/UNION) may require extending the template
library and verification rules.

Ethics Statement

Our experiments are conducted on knowledge
graphs that are either publicly available or cu-
rated with appropriate authorization. The proposed
framework does not require training on personal or
sensitive data, and we do not intentionally collect,
store, or disclose private information.
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A Datasets and Evaluation Settings

A.1 Wikidata-based Text-to-SPARQL
Benchmarks

We evaluate on three widely used text-to-
SPARQL benchmarks executed on Wikidata:
LC-QuAD 2.0 (Dubey et al., 2019), QALD-9
Plus (Perevalov et al., 2022), and QALD-10 (Li
et al., 2024). All datasets are evaluated using the
same execution-based protocol (EA/QSC/TF1),
and we follow the official train/test splits provided
by each benchmark.

QALD-9 Plus extends QALD-9 by adding multi-
lingual questions and transferring SPARQL queries
from DBpedia to Wikidata; we use only the English
split (371 train / 136 test).

QALD-10 increases query complexity and re-
alism. It provides 412 training questions derived
from the QALD-9 Plus Wikidata split and intro-
duces a new test set of 394 questions that reflect
real-world information needs.

A.2 Circular Economy Knowledge Graphs

To assess robustness beyond Wikidata-style KGs,
we evaluate on three RDF knowledge graphs cu-
rated in-house for industrial resource exchanges
in the circular economy domain. These graphs dif-
fer in schema complexity, entity coverage, and the
prevalence of quantitative attributes:
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Industry-Oriented Queries

NACE: 0111-Growing of cereals (ex-
cept rice), leguminous crops, and oil seeds

Providers Receivers Resources

Livestock Feed Crop residue (straw,
Producers stems, leaves)

Crop Residue Producers

L
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Crop Rotation Farmers
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Biofuel Producers H Vegetable oils
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tem Producers

cide Producers Pesticides and fungicides

Renewable En-
ergy Producers
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Pesticide and Fungi- {

‘Water Manage-

ment Providers

Crop Monitoring Agricultural Tech- Crop monitor-
Technology Providers nology Providers ing technology

(a) Industry-Oriented Queries (NACE: 0111).

Irrigation systems

‘Waste-Oriented Queries

Providers Receivers

Iron & Steel Production H
Metal Surface Treatment > Steel Production
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5 >
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Tubes & Pipes
Whanufaciure of Fabri L e
cated Metal Products
NLP NLP

(b) Waste-Oriented Queries (EWC: 100210).

* German-IS. This dataset (8,649 triples) mod-
els 265 exchange cases from a national Ger-
man program. Entities include Provider,
Receiver, and Resource, with textual de-
scriptions and annotations using WZ-08 (Ger-
man Classification of Economic Activities),
CPA (EU Product Classification), EWC (Eu-
ropean Waste Catalog), ISIC (International
Standard Industrial Classification), HS (Har-
monized System Code) and SSIC (Singapore
Standard Industrial Classification).

* EU-Pilot. This dataset (11,810 triples) cov-
ers 305 cases from an EU-funded project.
It includes structured metadata such as
hasStatus and hasComments, and is an-
notated with NACE Rev. 2, CPA and EWC
codes.

* Waste-Ledger. This dataset (52,402 triples)
contains 1,727 instances of waste and resource



flows across Europe. It includes quantitative
attributes such as hasGwp100 (global warm-
ing potential), and regulatory metadata such
as hasHSCode, and hasEWCCode.

Figure 5 shows two representative query patterns
supported by these KGs: industry-oriented queries
that map Provider—Receiver—-Resource
relations under a target NACE code (Figure 5a),
and waste-oriented queries centered on an EWC
code that connect upstream producers to down-
stream receivers (Figure 5b).

A.3 Evaluation Metric Details

* Execution Accuracy (EA). A prediction is
considered correct if (i) the generated query
compiles and (ii) the resulting set of answers
exactly matches the gold answer set. Formally,

N
ZH‘[compile(qi)/\

i=1

1
EA = —
N

(D

ans(gq;) = ans(qf()ld

)]
where ¢; is the predicted query, ¢2° is the
gold query, and ans(q) denotes the execution
result of query q.

Query Syntax Correctness (QSC). The pro-
portion of generated queries that compile suc-
cessfully using Apache Jena:

N
1
QSC = ;% [compile(q)] (2)

Triple-Level F1 (TF1). This metric compares
triple patterns in the WHERE clause of pre-
dicted and gold queries, ignoring variable re-
naming and FILTERs. Precision, recall, and
F1 are computed with micro-averaging:

2.

TFl = ——— 3
P+ R )
N
. TP;
_shml
> im1 |Pred|
N
. TP;
> i1 |Goldy]

where TP; is the number of correct triple pat-
terns for example ¢, Pred; is the number of
predicted triple patterns, and Gold; is the
number of gold triple patterns.
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* Average Token Usage (ATU). The average
number of input tokens per prediction, reflect-
ing prompt-level cost:

N
1
ATU = N ; tokensin(gi) 6)

where tokensiy(g;) denotes the number of
input tokens used to prompt query g;.

Note. N denotes the total number of evaluation
samples. }[-] is the indicator function that returns
1 when the condition is true and O otherwise.

B Knowledge Graph Allocation
Performance

Comparison of Knowledge Graph
Allocation Performance

Ours
R-L-DeepSeek-R1
R-QwQ-32B
R-Qwen3-32B
V-L-DeepSeek-V3
V-L-GPT-40
V-LLaMA3.3-70B

V-LLaMA3-70B

20 40 60

Allocation Accuracy (%)

80 100

Figure 6: Comparison of knowledge graph allocation
performance across models.

We evaluate the allocator’s effectiveness by mea-
suring the proportion of subgoals routed to a graph
that actually contains the gold answer. As shown
in Figure 6, AGENTICT?S attains the highest allo-
cation accuracy, exceeding the strongest baseline
(DeepSeek-R1) by over 10%. This precision di-
rectly impacts EA: correctly routed subgoals are
more likely to match relevant schemas, leading to
higher query validity and fewer empty results.

C Baseline LLM Performance
Comparison

We benchmark diverse LLM backbones, includ-
ing vanilla and reasoning-augmented variants, on
circular economy KGs using EA, QSC, and TF1.
Tables 3 and 4 show per-graph performance on EA
and QSC respectively. Table 5 presents an overall
comparison including token efficiency, demonstrat-
ing that our agentic approach achieves superior
performance while maintaining reasonable compu-
tational costs.



Table 3: EA on single-KG.

Model German-IS EU-Pilot  Waste-Ledger
V-LLaMA3-70B 15.08+1.86 16.05+1.19 13.82+2.75
V-LLaMA3.3-70B 1721 +143 1431+£0.80 14.28+0.76
V-L-GPT-40 76.50+£2.93 7424+1.03 72.05+0.82
V-L-DeepSeek-V3 69.76 £+2.63 68.22+1.54 63.56+2.36
R-Qwen3-32B 53.12+£2.64 54.55+£2.08 49.67 £0.67
R-QwQ-32B 56.09+2.88 53.73+£1.43 51.82+2.03
R-L-DeepSeek-R1 79.63 £2.67 74.86+£1.52 7291+0.94
Ours: AGENTICT?S 85.64+1.06 87.72+1.28 85.01+2.33

Table 4: QSC on single-KG.

Model German-IS EU-Pilot  Waste-Ledger
V-LLaMA3-70B 21.31+£0.75 25.12+£0.97 25.83+0.60
V-LLaMA3.3-70B 2748 £2.00 2444 +1.72 2435%1.55
V-L-GPT-40 86.55+1.24 88.92+1.07 86.44+1.57
V-L-DeepSeek-V3 61.39+1.80 67.23+£0.58 62.64+1.90
R-Qwen3-32B 7544 £1.28 73.64+£1.00 75.86+1.53
R-QwQ-32B 67.49+1.12 7298 +0.84 68.28 +0.68
R-L-DeepSeek-R1 86.05+0.81 87.75+146 8522+1.89
Ours: AGENTICT?S 97.14+1.62 9699 +0.55 97.91 + 1.44

Table 5: Overall performance comparison of different model configurations on structured KGQA. AGENTICT?S

achieves the highest accuracy across all metrics while maintaining lower token usage.

Model EA (%) QSC (%) TF1(%) | ATU
V-LLaMA3-70B 10.12 +245 1547 +£3.12 1836 +2.78
V-LLaMA3.3-70B 1228 £2.13  18.65+3.08 1052+233 | 1632
V-L-GPT-40 55154+ 131 60.04 £0.56 58.324 1.12 | (& 110)
V-L-DeepSeck-V3 4574 +£1.22 50.19 £ 141 47.09 & 1.13
R-Qwen3-32B 40.25+1.05 4568 +1.82 4272+ 1.01 | 1632
R-QwQ-32B 3567 £1.01 40314075 38.25+0.89
R-L-DeepSeek-R1 5032+ 1.14 5521 +122 52184007 | (+110)
A-ReAct+LLaMA3-70B  28.524+1.03 37.33+1.74 33.254+098
A-ReAct+Qwen3-32B 4713 +£1.45 5465+201 5230+188 | 1518
A-AutoGen+LLaMA3-70B  31.21 +2.17 33.02+0.89 37.14 4+ 1.06 | (& 110)
A-AutoGen+Qwen3-32B 49.06 + 1.12 5839 +1.93 53.28 + 1.62

Ours: AGENTICT?S 7243 £1.24 7621+ 1.19 83.68+0.39 | 875+ 90

Note: V = Vanilla LLM, R = Reasoning LLM, L = Large-Scale Pretrained Model, A = Agent Framework.
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D Prompt Template

SPARQL Generation Prompt for LLM Testing

Instruction:

Answer the question below by generating a query that uses the structure of the knowledge graph.
You are provided with information about the relevant types and relationships in the graph. Do not
include explanation, only generate the query that would retrieve the desired result.

Question:
What are the top 10 most frequently used EWC codes based on the number of associated exchange
records in the ressource-deutschland.de knowledge graph?

Knowledge Graph Information:

» Each exchange is an entity of type iskg:Database_1ID.

[The prompt provides only basic schema-level information from the knowledge graph, with no
result-oriented guidance or implicit task hints.]

Graph Allocation Prompt for LLM Testing

Instruction: This is a knowledge graph allocation task. Based on the provided schema-level
background information, select one or more appropriate named graphs to answer the question. Do
not include explanations, only output the name(s) of the knowledge graph(s).

Question:
Identify the HS codes that co-occur with each CPA code. Determine which named graph(s) should
be queried, and group the output by graph.

Knowledge Graph Information:
* Graph 1 (German-IS): Background schema information ...
* Graph 2 (EU-Pilot): Background schema information ...
* Graph 3 (Waste-Ledger): Background schema information ...

[The prompt provides only basic schema-level information from the knowledge graph, with no
result-oriented guidance or implicit task hints.]

Note. This prompt is intended for illustrative purposes only. In actual LLM evaluations, the template
should be supplemented with concrete schema details, representative examples, namespace declarations,
and any other relevant contextual information required to support realistic and fair testing.
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E SPARQL Query Skeleton Templates

Provider-based Queries

1. Search provider by code

1 SELECT DISTINCT ?providerID ?provider WHERE {
2 ?providerID iskg:hasxxxCode [code]

3 ?providerID iskg:hasName ?provider .

4 }

2. Search provider code by name

1 SELECT DISTINCT ?code WHERE {

2 ?providerID iskg:hasName [name]

3 ?providerID iskg:hasxxxCode ?code .

4

}

| r

Receiver-based Queries

3. Search receiver by code
SELECT DISTINCT ?receiverID ?receiver WHERE {
?receiverID iskg:hasxxxCode [code]
?receiverID iskg:hasName ?receiver .
}
. Search receiver code by name
SELECT DISTINCT ?code WHERE ({
?receiverID iskg:hasName [name]
?receiverID iskg:hasxxxCode ?code .

ALN— A AW —

Resource-based Queries

| r

5. Search resource by code

1 SELECT DISTINCT ?resourcelID ?resource WHERE {
?resourceID iskg:hasxxxCode [code]
?resourcelD iskg:hasName ?resource .

}

. Search resource code by name
SELECT DISTINCT ?code WHERE {
?resourcelID iskg:hasName [name]
?resourceID iskg:hasxxxCode ?code .

}

. Search resource by provider name
SELECT DISTINCT ?resourcelD ?resource WHERE ({
?providerID iskg:hasName [name]
?activityID iskg:hasProvider ?providerID .
?activityID iskg:hasResource ?resourcelID .
?resourcelID iskg:hasName ?resource .

}

. Search resource by receiver name
SELECT DISTINCT ?resourcelD ?resource WHERE {
?receiverID iskg:hasName [name]
?activityID iskg:hasReceiver ?receiverID .
?activityID iskg:hasResource ?resourcelD .
?resourcelD iskg:hasName ?resource .

COUNAWLN—EE VAW~ FPWN—a AWN

\

Note. These SPARQL templates are manually constructed by domain experts and organized in a schema-
driven yet dataset-agnostic manner: we derive common query intents (entity lookup by name/code, relation
traversal, and basic filtering) and encode them as SPARQL 1.1 skeletons with slots such as [name] and
[code]. KG-specific predicates are abstracted as placeholders (e.g., 1 skg:hasxxxCode) and instan-
tiated via a lightweight per-dataset mapping layer; in our circular economy KGs this mapping corresponds
to Provider/Receiver/Resource roles and the exchange node (e.g., 2activityID).
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F Case Study
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Figure 7: Example workflow of AGENTICT?S applied to a circular economy query.

Case 1: Single KG

Question: Count of industrial symbioses grouped by provider NACE classification

Target KG: German-IS

LLaMA3-70B X

1 PREFIX iskg: <https://iskgontology.org/>

2 SELECT ?naceCode (COUNT (?exchange) AS ?symbiosisCount)
3 WHERE {

4 ?exchangeURI <https://maestri-spire.eu/>

5 ?exchangeURI iskg:hasProvider ?provider

6 ?provider iskg:hasNACECode ?naceCode

7 1}

8 GROUP BY ?naceCode

9 GROUP BY ?country

Error: ?exchangeURI <https://maestri-spire.eu/ >

This line attempts to use <https://maestri-spire.eu/> as a predicate (property) to
connect ?exchangeURI, but this is a URL rather than a valid RDF predicate, and its semantics
are unclear.

Qwen3-32B v

1 PREFIX iskg: <http://www.industrialsymbiosisKG.sg/schema#>

2 SELECT ?nace (COUNT (?exchange) AS ?symbiosesCount)

3 WHERE {

4 ?exchange iskg:hasProvider ?provider

5 ?provider iskg:hasNACECode ?nace

6 FILTER (STRSTARTS (STR(?exchange), "https://maestri-spire.eu"))
T}

8 GROUP BY ?nace

Ours: AgenticT?S v/

1 PREFIX iskg: <http://www.industrialsymbiosisKG.sg/schema#>

2

3 SELECT ?naceCode (COUNT (?exchange) AS ?symbiosisCount)

4 WHERE {

5 ?exchange iskg:hasProvider ?provider

6 ?provider iskg:hasNACECode ?naceCode

7 FILTER (STRSTARTS (STR (?exchange), "https://maestri-spire.eu"))
8 1}

9 GROUP BY ?naceCode
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Case 2: Single KG

Question: Temporal distribution of exchanges by decade of publication

Target KG: EU-Pilot

LLaMA3-70B X

PREFIX iskg: <https://www.ressource-deutschland.de/iskg/>
PREFIX res: <https://www.ressource-deutschland.de/>
SELECT (floor(?year / 10) % 10) as ?decade (COUNT () as ?count)
WHERE {
?exchange iskg:hasInformation ?info
?info iskg:hasPublishedYear ?year
FILTER(STRSTARTS (STR (?exchange),
"https://www.ressource—-deutschland.de"))
}
10 GROUP BY (floor (?year / 10) =* 10)
11 ORDER BY ?decade

Error: SELECT (floor(?year / 10) * 10) AS ?decade (COUNT(*) AS ?count)

GROUP BY (floor(?year / 10) * 10)

Expressions like f1oor (?year / 10) = 10 cannot be used directly in SELECT or GROUP
BY;use BIND (... AS ?var) instead.

Nelie BEN o) NV, IFNROS I S B

Qwen3-32B X

1 SELECT ?decade (COUNT (x) AS ?count) WHERE ({

2 ?exchange a iskg:Database_ID ;

3 iskg:hasInformation ?info

4 ?info iskg:hasPublishedYear ?year

5 FILTER(STR (?exchange) STARTS WITH

6 "https://www.ressource—-deutschland.de")

7 BIND (FLOOR (xsd:integer (?year) / 10) % 10 AS ?decade)
8 } GROUP BY ?decade ORDER BY ?decade

Error: STARTS WITH is not valid SPARQL syntax; use STRSTARTS (string, prefix)
instead.

Ours: AgenticT?S v/

1 PREFIX iskg: <https://www.ressource-deutschland.de/iskg/>
2 PREFIX xsd: <http://www.w3.0rg/2001/XMLSchema #>

3 SELECT ?decade (COUNT (x) AS ?count)

4 WHERE ({

5 ?exchange a iskg:Database_ID ;

6 iskg:hasInformation ?info

7 ?info iskg:hasPublishedYear ?year

8 FILTER(STRSTARTS (STR (?exchange),

9 "https://www.ressource—-deutschland.de"))

10 BIND (FLOOR (xsd:integer (?year) / 10) % 10 AS ?decade)
11 1}

12 GROUP BY ?decade

13 ORDER BY ?decade
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Case 3: Cross KG

Question: Mapping co-occurrences between CPA product codes and HS trade codes across data
sources.

Target KG: German-IS & Waste-Ledger

LLaMA3-70B X

PREFIX iskg: <http://www.industrialsymbiosisKG.sg/schema#>
SELECT ?cpaCode (GROUP_CONCAT (DISTINCT STR(?hs); SEPARATOR=",")
AS ?hsCodes)
WHERE {

GRAPH ?g {

?res iskg:hasCPACode ?cpaCode ;
iskg:hasHSCode <?hs

}
GROUP BY ?cpaCode

Error: This is an incomplete output generated, where the model begins listing CPA-HS code
co-occurrences but terminates prematurely without completing the final sentence or result set.

O 00NN W —

Qwen3-32B X

1 SELECT ?cpaCode (GROUP_CONCAT (DISTINCT ?hsCode; SEPARATOR=",")

2 AS ?hsList)

3 WHERE {

4 ?entity <hasCPA> ?cpaCode

5 ?entity <hasHS> ?hsCode

6 }

7 GROUP BY ?cpaCode

Error: This output exhibits typical issues such as the use of placeholder predicates (<hasCPA>,
<hasHS>) instead of ontology-defined URIs, and a malformed GROUP_ CONCAT syntax missing

parentheses and proper separator formatting.

Ours: AgenticT?S v/

1 SELECT ?cpaCode (GROUP_CONCAT (DISTINCT STR(?hs); SEPARATOR=",")
2 AS ?hsCodes)

3 WHERE {

4 GRAPH ?g {

5 ?res iskg:hasCPACode 7?cpaCode
6 FILTER EXISTS {

7 ?res iskg:hasHSCode ?hs

8 }

9 }

10 }

11 GROUP BY ?cpaCode
Merged version
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G Notation Table

Table 6: Notations.

Symbol Meaning

q input natural-language question

G ={G1,...,Gyp} collection of n knowledge graphs

G; the 7-th knowledge graph (or selected graph for subgoal g; in Alg. 1)
Ent union of entity sets across graphs in G

k number of subgoals after decomposition

gi i-th subgoal derived from ¢

C; candidate graph set for subgoal g;

Si SPARQL query generated for subgoal g;

A; answer set returned by executing s;

A final integrated answer produced by the result integrator

P number of candidate graphs kept after weak-tier retrieval (p < n)
S; schema slice (predicates/types/constraints) extracted from candidate graph G ;
B, L beam width and decoded length in the synthesizer

m number of counterfactual checks in the verifier

Texec cost of one SPARQL execution on the target endpoint/graph
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