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Abstract001

Question answering over heterogeneous knowl-002
edge graphs (KGQA) requires reasoning across003
diverse schemas, partial alignments, and dis-004
tributed endpoints. Existing text-to-SPARQL005
methods either depend on domain-specific fine-006
tuning or assume a single graph, limiting trans-007
fer to low-resource domains and hindering008
cross-graph queries. We present AGENTICT2S,009
a modular framework that decomposes a ques-010
tion into subgoals handled by agents for re-011
trieval, SPARQL generation, and verification.012
An allocator selects each subgoal to one or013
more candidate graphs using weak-to-strong014
schema alignment, and reduces to the single015
endpoint in the standard single-KG setting.016
To improve reliability, a two-stage verifier fil-017
ters structurally invalid and semantically un-018
derspecified queries via symbolic validation019
and counterfactual consistency checks. Across020
three Wikidata benchmarks and a circular econ-021
omy multi-KG benchmark, AGENTICT2S im-022
proves execution accuracy and triple-level F1023
by +21.28 and +22.83 percentage points, re-024
spectively, on average over the strongest base-025
line (AutoGen). On the heterogeneous circular026
economy benchmark, it reduces average input027
tokens by 46.4% (875 vs. 1632 ATU). Overall,028
the results show that agentic decomposition,029
schema-aware routing, and explicit verification030
yield more reliable text-to-SPARQL for hetero-031
geneous, multi-graph KGQA.032

1 Introduction033

Large language models (LLMs) demonstrate strong034

performance in a range of natural language process-035

ing tasks (Min et al., 2023), but face limitations in036

knowledge-intensive settings. Because their out-037

puts are based on pre-trained parameters, LLMs038

are prone to hallucination and may lack factual039

consistency (Ji et al., 2023). Retrieval-augmented040

generation (RAG) addresses this by incorporating041

external information at inference time (Lewis et al.,042

2020), although most RAG systems operate over043

unstructured text, which lacks the semantic struc- 044

ture required for accurate multi-hop reasoning. 045

Structured retrieval methods such as 046

GraphRAG (Ji et al., 2024) have been pro- 047

posed to integrate LLMs with knowledge graphs 048

(KGs), which offers improved precision and inter- 049

pretability. However, existing systems often embed 050

large subgraphs in prompts (Cui et al., 2024), in- 051

creasing latency and exceeding context limits; rely 052

on weakly supervised retrievers (Yasunaga et al., 053

2021); and couple retrieval, generation and valida- 054

tion into single-agent pipelines (He et al., 2024; Xu 055

et al., 2024), reducing modularity and adaptability. 056

In addition, even state-of-the-art models struggle 057

to generate semantically correct SPARQL queries, 058

particularly on unseen graphs (Meyer et al., 2024). 059

SPARQL is a standardized query language for 060

RDF-based KGs (W3C, 2013), used to express 061

structured queries involving logical conditions, 062

joins, and filters. 063

This work introduces AGENTICT2S, a modu- 064

lar framework for answering questions on hetero- 065

geneous KGs. The system decomposes a natural 066

language query into sub-goals corresponding to 067

reasoning operations such as entity lookup or com- 068

parison. Each subgoal is routed to candidate graphs 069

via weak-to-strong schema alignment and retrieval 070

evidence, translated into executable SPARQL using 071

schema-guided decoding, and validated using sym- 072

bolic checks and counterfactual consistency anal- 073

ysis. The architecture separates retrieval, genera- 074

tion, and verification into distinct agents to improve 075

transparency, error isolation, and generalizability. 076

To our knowledge, AGENTICT2S is among the 077

first approaches to cast heterogeneous, multi-graph 078

KGQA text-to-SPARQL as a multi-agent pipeline. 079

The system comprises five agents—a subgoal de- 080

composer, graph allocator, SPARQL synthesizer, 081

dual-stage verifier, and result integrator—that co- 082

ordinate to support compositional reasoning and 083

reliable query execution. We evaluate the design on 084
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Wikidata benchmarks and a circular economy set-085

ting, where distributed data sources and non-unified086

classification schemes motivate schema-aware rout-087

ing and verifiable synthesis (Atiku, 2020).088

Contributions.089

• We formulate heterogeneous, multi-graph090

KGQA as a text-to-SPARQL planning prob-091

lem, where a question is decomposed into sub-092

goals that yield a set of executable SPARQL093

subqueries and an integrated final answer, cov-094

ering single-KG QA as a special case.095

• We propose AGENTICT2S, a modular agent096

pipeline with (i) weak-to-strong schema align-097

ment for per-subgoal graph allocation, (ii)098

schema-grounded SPARQL synthesis with099

template scaffolding and post-hoc repair, and100

(iii) a dual-stage verifier that combines sym-101

bolic checks with counterfactual consistency102

testing.103

• We evaluate on three Wikidata text-to-104

SPARQL benchmarks and a circular economy105

multi-KG benchmark (328 questions over106

three in-house RDF KGs), using a matched-107

backbone zero-shot protocol and component108

ablations to quantify the contribution of each109

module.110

2 Related Work111

RAG methods incorporate external information to112

improve the factual consistency of the language113

model output (Lewis et al., 2020; Gao et al., 2023).114

While effective for unstructured question answer-115

ing, they assume flat input formats and are not well116

suited for tasks involving structured queries, multi-117

hop reasoning, or schema constraints.118

GraphRAG (Edge et al., 2024; Wu et al., 2025a)119

and related methods extend RAG by converting120

local graph neighborhoods into textual prompts.121

These methods retain some structural context but122

are limited by prompt length, formatting depen-123

dencies, and an assumption of a single underlying124

graph. Most also lack validation mechanisms for125

generated queries (Wang et al., 2025).126

Other work decomposes question answering into127

modular components for retrieval, reasoning, and128

execution (Tran et al., 2025; Barbosa et al., 2024).129

Multi-agent systems extend this idea by assign-130

ing subtasks to separate agents (Guo et al., 2024;131

Yang et al., 2025). For example, ReAgent (Xinjie132

et al., 2025) applies local and global backtrack- 133

ing in multi-hop QA over text. These systems are 134

typically applied to unstructured input and do not 135

address structured query generation. 136

General purpose agent frameworks such as Re- 137

Act (Yao et al., 2023), AutoGen (Wu et al., 2024), 138

CAMEL (Li et al., 2023), and MetaGPT (Hong 139

et al., 2023) implement role-based decomposi- 140

tion for planning and tool interaction across tasks. 141

These methods have been applied to information 142

retrieval, decision-making, and code synthesis in 143

unstructured or semi-structured settings. They are 144

not designed for structured KGQA and lack support 145

for schema-aware reasoning or query verification. 146

Positioning. AGENTICT2S targets robust text- 147

to-SPARQL over heterogeneous, multi-graph KGs. 148

It combines (i) subgoal decomposition for com- 149

positional queries, (ii) schema-aware routing to 150

select compatible graphs per subgoal, (iii) schema- 151

grounded synthesis with template scaffolding and 152

post-hoc repair, and (iv) explicit verification to filter 153

invalid or underspecified queries before execution. 154

This design improves executability and accuracy 155

without task-specific fine-tuning. 156

3 Problem Formulation 157

Given a natural language question q, the task 158

is to produce a set of executable SPARQL sub- 159

queries {si}ki=1 (optionally aligned with subgoals 160

{gi}ki=1) that retrieve a complete and semantically 161

correct final answer A by querying an appropri- 162

ate subset of a heterogeneous KG collection G = 163

{G1, G2, . . . , Gn}. This formulation also covers 164

the standard single-KG (single-endpoint) setting as 165

a special case where n = 1. Each KG Gi ∈ G con- 166

sists of entities and relations represented as triples 167

(h, r, t), where h and t are entities, and r is a rela- 168

tion type (Saxena et al., 2020). 169

A valid subquery si is expected to satisfy two 170

properties. First, it must be executable, meaning 171

it can be evaluated on its allocated graph Gi ∈ G 172

without syntax or schema violations. Second, it 173

must be semantically accurate, in that it reflects 174

the intent of q (or the corresponding subgoal) and 175

returns a correct intermediate answer set Ai ⊆ Ent, 176

where Ent is the union of entity sets across all 177

graphs in G. The final answer A is obtained by 178

integrating intermediate results {Ai}ki=1. 179

This task presents several challenges. The graphs 180

in G may differ in schema, vocabulary, and struc- 181

tural representation, introducing substantial het- 182
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Figure 1: Overview of the AGENTICT2S 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 require183

distributed reasoning, where information must184

be aggregated from multiple KGs. Furthermore,185

many KGQA benchmarks lack the gold-standard186

SPARQL annotations, limiting the feasibility of su-187

pervised learning. Finally, practical systems must188

meet efficiency requirements, making retrieval and189

query generation time sensitive.190

The objective is to develop a system that, given191

an input question q and a collection G of KGs,192

produces executable subqueries {si}ki=1 such that193

executing them on an appropriate subset of G yields194

intermediate results that can be integrated into a195

correct and complete final answer A. Table 6 in196

Appendix G summarizes notations used.197

4 System Design198

We present AGENTICT2S, a modular multi-agent199

framework to answer natural language questions on200

heterogeneous KGs. Unlike end-to-end GraphRAG201

pipelines (Han et al., 2024), which tightly link re-202

trieval and generation in a single prompt-based203

step, AGENTICT2S separates the task into distinct204

components: subgoal decomposition, adaptive re-205

trieval, query generation, verification, and answer206

aggregation. Each component is implemented as207

an independent agent with a clear input-output in-208

terface (Wu et al., 2025b), allowing for parallelism,209

interpretability, and easier adaptation across do-210

mains. Given a question, the system first decom-211

poses it into a sequence of subgoals. Each subgoal 212

is then routed to a target KG selected based on 213

schema compatibility and retrieval utility. Struc- 214

tured queries are generated under schema con- 215

straints and validated through a two-stage verifica- 216

tion process. The resulting sub-answers are aggre- 217

gated into a final response. The complete workflow 218

is detailed in Algorithm 1. 219

Algorithm 1: AGENTICT2S Pipeline for Heteroge-
neous KGQA
Require: Question q; KG collection G =
{G1, . . . , Gn}

Ensure: Final answer A
1: {g1, . . . , gk} ← SUBGOALPARSER(q)
2: for i← 1 to k do
3: Ci ← CANDIDATEGRAPHS(gi,G)
4: Gi ← ALLOCATOR(gi, Ci) ▷ degenerates

when n = 1
5: si ← SPARQLSYNTHESIZER(gi, Gi)
6: if VERIFIER(si, Gi) passes then
7: Ai ← EXECUTEQUERY(si, Gi)
8: else
9: Ai ← FALLBACKORSKIP(gi)

10: end if
11: end for
12: R ← {(gi, Gi, si, Ai)}ki=1

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

3



4.1 Compositional Subgoal Parser Agent220

Agent 1: Compositional Subgoal Parser Agent

Parses Query 𝑞 into structured subgoals: {𝒈₁, 𝒈₂,… ,𝒈ₖ}

𝐼𝑛𝑝𝑢𝑡
𝑞𝑢𝑒𝑟𝑦

𝑔1

𝑔𝑛

𝑔2

S𝑢𝑏𝑞𝑢𝑒𝑟𝑦

…
Ambiguous 

case

Clarify

𝑆𝑦𝑛𝑡𝑎𝑐𝑡𝑖𝑐 𝐶𝑢𝑒𝑠 + 𝐷𝑜𝑚𝑎𝑖𝑛 𝐻𝑒𝑢𝑟𝑖𝑠𝑡𝑖𝑐𝑠

𝐿𝐿𝑀 𝑅𝑒𝑎𝑠𝑜𝑛𝑖𝑛𝑔

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

The Compositional Subgoal Parser Agent ini-221

tiates the AGENTICT2S pipeline (Algorithm 1,222

line 1) by decomposing a natural language question223

into a sequence of subgoals, each corresponding to224

a basic reasoning operation such as entity retrieval,225

condition filtering, or aggregation (Figure 2). The226

parser employs a rule-based strategy that combines227

shallow syntactic analysis with domain-specific228

heuristics. Structured prompts are used to guide229

a language model in identifying syntactic patterns,230

segmenting the question into subgoals, and assign-231

ing intent labels based on linguistic structure. The232

agent also includes mechanisms to detect ambigu-233

ity or underspecified semantics; when triggered,234

these prompt the user for clarification to ensure235

subgoal completeness and correctness.236

This approach does not require task-specific237

training data and is generalized across heteroge-238

neous KGs. By decomposing complex queries into239

semantically independent components, the parser240

simplifies the reasoning process and enhances co-241

ordination among downstream agents.242

4.2 Hierarchical Alignment Allocator Agent243

Each subgoal is assigned to a relevant KG by the244

Hierarchical Alignment Allocator Agent (Algo-245

rithm 1, line 4), which selects candidate graphs246

through a two-stage retrieval process: coarse-247

grained filtering and fine-grained schema alignment248

based on the subgoal’s intent and constraints (Fig-249

ure 3).250

In the weak retrieval stage, the alloca-251

tor encodes each subgoal and each KG’s252

schema summary (with domain labels) using253

thenlper/gte-small, and retrieves candi-254

date KGs by cosine similarity in the embedding255

space. For each selected graph, a secondary search256

is conducted over its internal source files, such as257

ontology documents and schema descriptions, to 258

locate relevant terms associated with the subgoal. 259

In the strong retrieval stage, schema-level align- 260

ment is performed on the top-ranked candidates. 261

This step extracts predicates, class hierarchies, and 262

domain-range constraints to assess whether the 263

graph’s structure is compatible with the subgoal. 264

The KG pool and metadata index support incre- 265

mental updates, allowing the system to incorporate 266

new resources without reprocessing. As additional 267

KGs and metadata become available, the alloca- 268

tor adjusts its retrieval strategy to maintain schema 269

alignment. Retrieval decisions are further refined 270

using utility scores from downstream verification, 271

enabling the system to respond to schema drift and 272

improve retrieval precision in complex queries. 273

Agent 2: Hierarchical Alignment Allocator Agent

𝑾𝒆𝒂𝒌 − 𝒕𝒐 − 𝑺𝒕𝒓𝒐𝒏𝒈 𝑹𝒆𝒕𝒓𝒊𝒆𝒗𝒂𝒍 𝑺𝒕𝒓𝒂𝒕𝒆𝒈𝒚

Related
Ontology

Metadata pool

𝑊eak
𝑅etrieval

𝑆trong
𝑅etrieval

Knowledge Graph 
Database

Allocate

KG Pool

Figure 3: The overall workflow of the Hierarchical
Alignment Allocator Agent.

4.3 Pattern-Driven SPARQL Synthesizer 274

Agent 275

The Pattern-Driven SPARQL Synthesizer Agent 276

(Algorithm 1, line 5) generates executable 277

SPARQL queries from verified subgoals in three 278

stages: query skeleton design, schema grounding, 279

and post-hoc decoding (Figure 4). 280

In the query skeleton design stage, the agent 281

selects a query template from a predefined library 282

based on the subgoal’s intent, such as entity re- 283

trieval, predicate filtering, or attribute matching. 284

Each template represents an abstract SPARQL pat- 285

tern and is parameterized with schema elements 286

obtained from the previous agent. The template 287

is instantiated with these elements to produce an 288

initial query structure that is consistent with the 289

schema and semantics of the target KG. 290

The schema grounding stage refines this struc- 291

ture by incorporating ontology-level constraints, 292

including predicate types, class hierarchies, and 293

domain-range specifications. This step replaces 294
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generic placeholders with concrete schema compo-295

nents and enforces compatibility between entities,296

relations, and types defined in the graph. The result-297

ing query is semantically coherent and structurally298

valid within the context of the selected KG.299

To ensure reliability under diverse query condi-300

tions, the final stage, post-hoc decoding, serves301

as a model-agnostic validation layer that enforces302

structural and semantic correctness. Operating inde-303

pendently of the generation model, it systematically304

verifies syntax, resolves prefixes, and checks pred-305

icate usage, variable bindings, and schema align-306

ment. In addition, it identifies query structures that307

are prone to execution failure, such as those that308

produce empty answer sets or violating ontology309

constraints. By applying targeted corrections only310

when necessary, post-hoc decoding provides a fi-311

nal safeguard, producing SPARQL queries that are312

not only valid and executable, but also resilient to313

schema variability across KGs.314

Agent 3: Pattern-Driven SPARQL Synthesizer Agent

𝑵𝒂𝒕𝒖𝒓𝒂𝒍 𝑳𝒂𝒏𝒈𝒖𝒂𝒈𝒆 𝒕𝒐 𝑺𝒕𝒓𝒖𝒄𝒕𝒖𝒓𝒆𝒅 𝑸𝒖𝒆𝒓𝒚

𝑄𝑢𝑒𝑟𝑦 𝑆𝑘𝑒𝑙𝑒𝑡𝑜𝑛
𝐷𝑒𝑠𝑖𝑔𝑛

S𝑐ℎ𝑒𝑚𝑎
𝐺𝑟𝑜𝑢𝑛𝑑𝑖𝑛𝑔
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𝐿𝐿𝑀 𝑅𝑒𝑎𝑠𝑜𝑛𝑖𝑛𝑔

Retrieved 
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𝑃𝑜𝑠𝑡-ℎ𝑜𝑐 𝐷𝑒𝑐𝑜𝑑𝑖𝑛𝑔

𝐺enerate 𝑆𝑃𝐴𝑅𝑄𝐿

Figure 4: The overall workflow of the Pattern-Driven
SPARQL Synthesizer Agent.

4.4 Dual-Stage Consistency Verifier Agent315

To safeguard against execution errors and under-316

specified queries, the Consistency Verifier Agent317

(Algorithm 1, line 6) applies a two-stage verifica-318

tion process prior to query execution.319

In the first stage, symbolic validation is applied320

to assess syntactic correctness, predicate usage, and321

type compatibility with the schema of the target322

KG. The agent also performs a preliminary execu-323

tion check to ensure that the query yields a non-324

empty result under current graph conditions. The325

agent uses a bounded trial execution as a soft signal;326

empty results trigger revision or fallback.327

In the second stage, counterfactual testing is used328

to evaluate the semantic specificity. The agent gen-329

erates m=3 type-preserving perturbations (entity330

swaps, predicate swaps, and filter tighten/relax op- 331

erations) and compares answer sets using Jaccard 332

similarity. Queries with average similarity ≥ 0.8 333

across perturbations are flagged as overly general or 334

underspecified. Only queries that pass both checks 335

are forwarded for execution; others are revised or 336

discarded. This mechanism improves the reliabil- 337

ity of the final result by enforcing both structural 338

validity and semantic precision. 339

4.5 Multi-Graph Consensus Aggregator 340

Agent 341

Consensus Aggregator Agent (Algorithm 1, 342

line 12) consolidates partial query results retrieved 343

from multiple KGs. The agent first performs en- 344

tity alignment across heterogeneous sources to re- 345

solve equivalence and redundancy. It then gener- 346

ates a unified natural language response by merging 347

sub-answers using an LLM. This aggregation step 348

ensures that the final output is consistent across 349

sources and robust to variations in schema or ter- 350

minology. 351

4.6 Complexity Analysis 352

For a query decomposed into k sub-goals, the 353

end-to-end work of Algorithm 1 is O(k)
[
|q|+ n+ 354∑p

j=1|Sj |+BL+mTexec+ |Gj |
]
, where |q| is the 355

question length, n the total number of KGs, p≪n 356

the candidates that survive weak-tier retrieval, Sj 357

the schema slice of graph Gj , B and L the beam 358

width and decoded length in the synthesizer, m the 359

counterfactual checks in the verifier, and Texec the 360

cost of one SPARQL evaluation on the executed 361

graph of size |Gj |. All stages are embarrassingly 362

parallel across sub-goals and graphs, so wall-clock 363

latency is dominated by a handful of LLM calls 364

and at most k verified query executions. 365

5 Experiments 366

5.1 Experimental Setup 367

We evaluate AGENTICT2S and all baselines on 368

a standardized text-to-SPARQL generation task, 369

where each system receives a natural language 370

question and generates a SPARQL query, which is 371

executed against the relevant KGs. AGENTICT2S 372

runs in a hybrid setup that combines local model 373

inference with API-based access to LLMs. The sys- 374

tem is implemented using the LangGraph frame- 375

work (LangGraph Contributors, 2024), which sup- 376

ports agent coordination, intermediate state track- 377

ing, and structured execution flow. 378
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Local components include lightweight mod-379

els for schema retrieval, subgoal parsing, and380

triple pattern scoring, executed on a workstation381

with four NVIDIA RTX 4090 GPUs. For lan-382

guage generation tasks that require larger context383

and structured decoding, we use LLaMA3-70B384

and LLaMA3.3-70B (Touvron et al., 2024),385

Qwen3-32b and QwQ-32b (Qwen Team, 2024)386

via Groq API (Groq, Inc., 2024). The remaining387

models are accessed via their official APIs. In the388

main experiments, all methods use Qwen3-32b389

as the shared backbone, additional comparisons390

across different backbone LLMs are reported in the391

Appendix C. All models are evaluated in zero-shot392

mode with a fixed temperature of 0.7 and no task-393

specific fine-tuning. Prompt and SPARQL query394

skeleton templates are provided in Appendix D and395

Appendix E, respectively.396

5.2 Datasets and Evaluation Settings397

We evaluate on three standard text-to-SPARQL398

benchmarks executed on Wikidata: LC-399

QuAD 2.0 (Dubey et al., 2019), QALD-9400

Plus (Perevalov et al., 2022), and QALD-10 (Li401

et al., 2024). QALD-9 Plus extends QALD-9 by402

adding multilingual questions and transferring403

SPARQL queries from DBpedia to Wikidata; we404

use only the English split. QALD-10 increases405

query complexity, with 412 training questions406

derived from the QALD-9 Plus Wikidata split and407

a newly created test set of 394 questions reflecting408

real-world information needs.409

In addition, we evaluate three in-house RDF410

knowledge graphs for industrial resource ex-411

changes in the circular economy domain: German-412

IS (8,649 triples; 265 exchange cases), EU-Pilot413

(11,810 triples; 305 cases), and Waste-Ledger414

(52,402 triples; 1,727 waste/resource flows with415

quantitative attributes). We construct a benchmark416

of 328 natural-language queries spanning both417

single-KG and cross-KG settings over these graphs.418

Models are evaluated with three random seeds;419

we report mean ± standard deviation. Additional420

dataset details and benchmark construction are pro-421

vided in Appendix A.1 and Appendix A.2.422

5.3 Baselines423

We compare against three categories of baselines:424

Zero-Shot LLMs. Models prompted to generate425

SPARQL from natural language, without task-426

specific fine-tuning. This includes LLaMA3-70B427

and LLaMA3.3-70B (Touvron et al., 2024),428

Qwen3-32b and QwQ-32b (Qwen Team, 429

2024), DeepSeek-V3 (Liu et al., 2024), and 430

GPT-4o (OpenAI, 2024). 431

Reasoning-Augmented LLMs. The same mod- 432

els are evaluated with chain-of-thought prompt- 433

ing (Wei et al., 2022) and self-ask prompting (Press 434

et al., 2023) to elicit intermediate reasoning steps 435

prior to query generation. 436

Agent Controllers. General-purpose multi- 437

agent frameworks, including ReAct (Yao et al., 438

2023) and AutoGen (Wu et al., 2024), are com- 439

bined with LLaMA3 and Qwen3. These systems 440

define planning and execution roles, but do not in- 441

corporate symbolic verification or schema-guided 442

generation. 443

5.4 Evaluation Metrics 444

We evaluated model performance using four met- 445

rics: execution accuracy (EA), query syntax cor- 446

rectness (QSC), triple-level F1 (TF1), and average 447

token usage (ATU). EA measures whether the gen- 448

erated SPARQL query executes without error and 449

returns an answer set that matches the gold stan- 450

dard. QSC reflects the proportion of syntactically 451

valid queries based on Apache Jena parsing. TF1 452

computes micro-averaged F1 over triple patterns 453

in the WHERE clause, ignoring variable renaming 454

and FILTER expressions. ATU reports the average 455

number of tokens used per prediction as a proxy 456

for generation efficiency. Detailed of these metrics 457

are in Appendix A.3. 458

5.5 Main Results 459

Table 1 reports EA, QSC, and TF1 on four datasets, 460

with all methods evaluated under a matched- 461

backbone setting and results averaged over three 462

random seeds (mean ± standard deviation). Over- 463

all, AGENTICT2S achieves the best performance 464

on every dataset and metric. 465

Performance across Wikidata benchmarks. 466

On LC-QuAD 2.0, AGENTICT2S reaches 84.13 467

± 1.20 EA, 89.45 ± 1.11 QSC, and 87.08 ± 468

1.42 TF1. This is a large improvement over the 469

strongest agent-controller baseline in Table 1 (Au- 470

toGen: 65.06 EA / 71.82 QSC / 69.10 TF1), corre- 471

sponding to absolute gains of +19.07 EA, +17.63 472

QSC, and +17.98 TF1. 473

On QALD-9 Plus, AGENTICT2S achieves 86.08 474

± 1.15 EA, 90.50 ± 1.26 QSC, and 88.34 ± 1.07 475

TF1, improving over AutoGen (67.33 / 73.18 / 476

70.21) by +18.75 EA, +17.32 QSC, and +18.13 477

TF1. 478
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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 (%)

LC-QUAD 2.0

Vanilla LLM 47.63 ± 1.20 58.00 ± 1.22 52.13 ± 1.14
Reasoning LLM 54.02 ± 1.12 61.23 ± 1.07 58.26 ± 1.10
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
AGENTICT2S (Ours) 84.13 ± 1.20 89.45 ± 1.11 87.08 ± 1.42

QALD-9 Plus

Vanilla LLM 56.20 ± 1.32 60.17 ± 1.56 58.21 ± 1.45
Reasoning LLM 63.33 ± 1.24 66.02 ± 1.07 65.46 ± 1.28
ReAct Agent 65.90 ± 1.11 69.62 ± 1.14 67.00 ± 1.28
AutoGen Agent 67.33 ± 1.27 73.18 ± 1.47 70.21 ± 1.46
AGENTICT2S (Ours) 86.08 ± 1.15 90.50 ± 1.26 88.34 ± 1.07

QALD-10

Vanilla LLM 31.40 ± 1.18 37.00 ± 1.33 35.58 ± 1.06
Reasoning LLM 36.27 ± 1.48 40.50 ± 1.13 38.31 ± 1.20
ReAct Agent 40.13 ± 1.22 44.57 ± 1.26 42.71 ± 1.33
AutoGen Agent 43.18 ± 1.27 46.52 ± 1.41 45.00 ± 1.34
AGENTICT2S (Ours) 67.10 ± 1.17 71.55 ± 1.10 69.80 ± 1.30

Circular Economy

Vanilla LLM 20.02 ± 1.03 24.73 ± 1.22 23.00 ± 1.00
Reasoning LLM 40.25 ± 1.05 45.68 ± 1.82 42.72 ± 1.01
ReAct Agent 47.13 ± 1.45 54.65 ± 2.01 52.30 ± 1.88
AutoGen Agent 49.06 ± 1.12 58.39 ± 1.93 53.28 ± 1.62
AGENTICT2S (Ours) 72.43 ± 1.24 76.21 ± 1.19 83.68 ± 0.39

On QALD-10, which contains substantially479

more complex queries, AGENTICT2S attains 67.10480

± 1.17 EA, 71.55 ± 1.10 QSC, and 69.80 ± 1.30481

TF1, exceeding AutoGen (43.18 / 46.52 / 45.00)482

by +23.92 EA, +25.03 QSC, and +24.80 TF1. The483

larger gains on QALD-10 indicate that explicit de-484

composition and validation become increasingly485

important as query structure and compositional con-486

straints grow.487

Performance on the Circular Economy bench-488

mark. On the domain-specific Circular Econ-489

omy benchmark (single-KG and cross-KG queries490

across three in-house RDF graphs), AGENTICT2S491

achieves 72.43 ± 1.24 EA, 76.21 ± 1.19 QSC, and492

83.68 ± 0.39 TF1. Compared to AutoGen (49.06 /493

58.39 / 53.28), this yields absolute improvements494

of +23.37 EA, +17.73 QSC, and +30.40 TF1. No-495

tably, the particularly large TF1 gain suggests that496

the proposed framework more reliably grounds gen-497

eration in the correct schema-level relations, which498

is critical for heterogeneous and schema-rich indus-499

trial KGs. We additionally report KGs allocation500

performance in Appendix B to characterize cross-501

KG routing behavior on cross-KG queries. 502

Comparison to prompting-based reasoning 503

baselines. Reasoning-augmented prompting im- 504

proves over vanilla prompting consistently, for ex- 505

ample, on Circular Economy, EA increases from 506

20.02 to 40.25. However, AGENTICT2S remains 507

substantially ahead across all datasets. For exam- 508

ple, on QALD-10, AGENTICT2S improves over 509

the Reasoning LLM baseline by +30.83 EA and 510

+31.49 TF1; on Circular Economy, it improves by 511

+32.18 EA and +40.96 TF1. These gaps indicate 512

that prompting alone is insufficient to reliably sat- 513

isfy structural constraints and KG-specific seman- 514

tics, whereas modular reasoning combined with 515

validation yields more robust SPARQL synthesis. 516

Aggregating results as an unweighted macro- 517

average over the four datasets, AGENTICT2S 518

achieves 77.44 EA, 81.91 QSC, and 82.23 TF1, 519

outperforming the strongest baseline in Table 1 520

(AutoGen) by +21.28 EA points on average. Over- 521

all, these results show that the proposed agentic 522

decomposition, schema grounding, and verifica- 523

tion pipeline improves both syntactic validity and 524

7



Table 2: Ablation study on the contribution of key components in the AGENTICT2S framework. Results reported on
circular economy datasets.

Configuration EA (%) QSC (%) TF1(%)

Ours w/o Decomposer Agent 23.68 ± 0.66 45.31 ± 0.19 45.42 ± 1.32
Ours w/o Allocator Agent 25.12 ± 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 ± 0.23
Ours w/o Agentic Collaborative 43.43 ± 0.78 52.56 ± 0.50 47.22 ± 0.16
Full AGENTICT2S 72.43 ± 1.24 76.21 ± 1.19 83.68 ± 0.39

execution-level accuracy, with especially large ben-525

efits on complex and cross-KG query settings.526

5.6 Ablation Study527

To assess the contribution of each component, we528

perform ablations by disabling the Decomposer529

Agent (no subgoal parsing; pass q directly to the530

SPARQL generator), the Allocator Agent (replace531

graph selection with BM25 retrieval over the full532

KG pool), the Synthesizer Agent (skip query533

generation and return retrieved schema triples as534

pseudo-answers), and the Verifier Agent (execute535

queries without symbolic or counterfactual vali-536

dation), and by removing Agentic Collaboration537

(execute all subtasks in a monolithic pipeline with-538

out scheduling).539

As shown in Table 2, removing the subgoal de-540

composer leads to a sharp drop in EA from 72.4%541

to 23.7%, underscoring the importance of compo-542

sitional parsing. Disabling the allocator similarly543

reduces performance, reflecting the impact of se-544

mantic drift when retrieval is not schema-aware.545

Omitting the verifier results in a 17% decline in EA,546

indicating that many syntactically valid queries are547

semantically underspecified. These results confirm548

the role of modular reasoning and symbolic vali-549

dation in achieving accurate and robust SPARQL550

generation.551

5.7 Qualitative Analysis552

Figure 7 in Appendix F provides a step-by-step ex-553

ample of query processing under the AGENTICT2S554

framework. The initial input is incomplete and un-555

derspecified: “For product code found in the re-556

sources, which trade codes co-occur with it?” The557

system initiates a clarification step, reformulating558

the input into a fully specified intent that references559

waste classification codes and requests cooccur-560

rence information.561

The clarified question is decomposed into sub-562

goals, which are dispatched to the appropriate KGs 563

(EU-Pilot and Waste-Ledger) based on schema 564

compatibility. SPARQL queries are then generated 565

for each subgoal using pattern-based templates. 566

During verification, a syntactic and semantic check 567

identifies a non-existent predicate in the initial out- 568

put. The system modifies the query accordingly, 569

replacing the faulty predicate with the correct one. 570

Following validation, verified queries are exe- 571

cuted and their outputs aggregated. The final out- 572

put includes both the SPARQL representation and 573

a natural language statement indicating the map- 574

ping between CPA code 011150 and HS code 575

100610. The example illustrates the role of clar- 576

ification, decomposition, schema validation, and 577

multi-graph answer fusion in the overall pipeline. 578

6 Conclusion 579

We presented AGENTICT2S, a modular multi- 580

agent framework for robust text-to-SPARQL gen- 581

eration over heterogeneous knowledge graphs. 582

The framework decomposes questions into sub- 583

goals, allocates each subgoal via weak-to-strong 584

schema alignment, synthesizes schema-grounded 585

SPARQL using pattern-driven templates with post- 586

hoc repair, and validates candidates using a dual- 587

stage verifier combining symbolic and counter- 588

factual consistency checks. Experiments on three 589

Wikidata benchmarks and a domain-specific cir- 590

cular economy benchmark show consistent im- 591

provements over matched prompting and general- 592

purpose agent controllers, with the largest gains on 593

higher-complexity queries. Ablations further con- 594

firm that subgoal decomposition and verification 595

are critical to execution-level accuracy. Future work 596

will extend support for more advanced SPARQL 597

constructs, improve robustness under schema drift, 598

and optimize end-to-end latency and token cost. 599
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Limitations600

Our framework has several limitations. First, al-601

though AGENTICT2S supports both heterogeneous602

multi-KG collections and the standard single-603

endpoint setting, its overall performance still de-604

pends on the availability and quality of schema605

metadata; weak or outdated ontology documenta-606

tion can lead to mis-allocation and schema ground-607

ing errors. Second, the multi-agent pipeline intro-608

duces additional engineering complexity and run-609

time overhead compared to a single-shot text-to-610

SPARQL baseline, since it may require multiple611

LLM calls, verification steps, and (optionally) re-612

tries; the latency and cost trade-offs may be unfa-613

vorable in strict real-time scenarios. Third, our eval-614

uation focuses on a limited set of KGs and query615

distributions; generalization to other domains, end-616

points with different SPARQL dialect quirks, or617

highly complex queries (e.g., nested subqueries,618

advanced aggregates, or heavy use of OPTION-619

AL/UNION) may require extending the template620

library and verification rules.621

Ethics Statement622

Our experiments are conducted on knowledge623

graphs that are either publicly available or cu-624

rated with appropriate authorization. The proposed625

framework does not require training on personal or626

sensitive data, and we do not intentionally collect,627

store, or disclose private information.628

References629

Sulaiman Olusegun Atiku. 2020. Knowledge Manage-630
ment for the Circular Economy. In Handbook of631
Research on Entrepreneurship Development and Op-632
portunities in Circular Economy, pages 520–537. IGI633
Global.634

Ricardo Barbosa, Ricardo Santos, and Paulo Novais.635
2024. Collaborative Problem-solving with LLM:636
a Multi-agent System Approach to Solve Complex637
Tasks Using Autogen. In International Conference638
on Practical Applications of Agents and Multi-Agent639
Systems, pages 203–214. Springer.640

Yuanning Cui, Zequn Sun, and Wei Hu. 2024. A641
Prompt-based Knowledge Graph Foundation Model642
for Universal In-Context Reasoning. Advances in643
Neural Information Processing Systems, 37:7095–644
7124.645

Mohnish Dubey, Debayan Banerjee, Abdelrahman Ab-646
delkawi, and Jens Lehmann. 2019. LC-QuAD 2.0: A647
Large Dataset for Complex Question Answering over648

Wikidata and DBpedia. In International Semantic 649
Web Conference, pages 69–78. Springer. 650

Darren Edge, Ha Trinh, Newman Cheng, Joshua 651
Bradley, Alex Chao, Apurva Mody, Steven Truitt, 652
Dasha Metropolitansky, Robert Osazuwa Ness, and 653
Jonathan Larson. 2024. From Local to Global: A 654
Graph RAG Approach to Query-focused Summariza- 655
tion. arXiv preprint arXiv:2404.16130. 656

Yunfan Gao, Yun Xiong, Xinyu Gao, Kangxiang Jia, 657
Jinliu Pan, Yuxi Bi, Yixin Dai, Jiawei Sun, Haofen 658
Wang, and Haofen Wang. 2023. Retrieval-augmented 659
Generation for Large Language Models: A Survey. 660
arXiv preprint arXiv:2312.10997, 2(1). 661

Groq, Inc. 2024. Groq api and lpu inference platform. 662
https://groq.com. Accessed: 2024-07-29. 663

Taicheng Guo, Xiuying Chen, Yaqi Wang, Ruidi Chang, 664
Shichao Pei, Nitesh V Chawla, Olaf Wiest, and Xian- 665
gliang Zhang. 2024. Large Language Model Based 666
Multi-agents: A Survey of Progress and Challenges. 667
In 33rd International Joint Conference on Artificial 668
Intelligence (IJCAI 2024). 669

Haoyu Han, Yu Wang, Harry Shomer, Kai Guo, Ji- 670
ayuan Ding, Yongjia Lei, Mahantesh Halappanavar, 671
Ryan A Rossi, Subhabrata Mukherjee, Xianfeng 672
Tang, and 1 others. 2024. Retrieval-augmented Gen- 673
eration with Graphs (GraphRAG). arXiv preprint 674
arXiv:2501.00309. 675

Bolei He, Nuo Chen, Xinran He, Lingyong Yan, 676
Zhenkai Wei, Jinchang Luo, and Zhen-Hua Ling. 677
2024. Retrieving, Rethinking and Revising: The 678
Chain-of-Verification Can Improve Retrieval Aug- 679
mented Generation. In Findings of the Association 680
for Computational Linguistics: EMNLP 2024, pages 681
10371–10393. 682

Sirui Hong, Mingchen Zhuge, Jonathan Chen, Xiawu 683
Zheng, Yuheng Cheng, Jinlin Wang, Ceyao Zhang, 684
Zili Wang, Steven Ka Shing Yau, Zijuan Lin, and 1 685
others. 2023. MetaGPT: Meta programming for a 686
multi-agent collaborative framework. In The Twelfth 687
International Conference on Learning Representa- 688
tions. 689

Yixin Ji, Kaixin Wu, Juntao Li, Wei Chen, Mingjie 690
Zhong, Xu Jia, and Min Zhang. 2024. Retrieval and 691
Reasoning on KGs: Integrate Knowledge Graphs into 692
Large Language Models for Complex Question An- 693
swering. In Findings of the Association for Computa- 694
tional Linguistics: EMNLP 2024, pages 7598–7610. 695

Ziwei Ji, Nayeon Lee, Rita Frieske, Tiezheng Yu, Dan 696
Su, Yan Xu, Etsuko Ishii, Ye Jin Bang, Andrea 697
Madotto, and Pascale Fung. 2023. Survey of Hal- 698
lucination in Natural Language Generation. ACM 699
Computing Surveys, 55(12):1–38. 700

LangGraph Contributors. 2024. Langgraph: Multi- 701
agent workflow framework for llms. https://www. 702
langgraph.dev. Accessed: 2024-07-29. 703

9

https://groq.com
https://www.langgraph.dev
https://www.langgraph.dev
https://www.langgraph.dev


Patrick Lewis, Ethan Perez, Aleksandra Piktus, Fabio704
Petroni, Vladimir Karpukhin, Naman Goyal, Hein-705
rich Küttler, Mike Lewis, Wen-tau Yih, Tim Rock-706
täschel, and 1 others. 2020. Retrieval-augmented707
Generation for Knowledge-intensive NLP Tasks. Ad-708
vances in Neural Information Processing Systems,709
33:9459–9474.710

Guohao Li, Hasan Hammoud, Hani Itani, Dmitrii711
Khizbullin, and Bernard Ghanem. 2023. CAMEL:712
Communicative Agents for "Mind" Exploration of713
Large Language Model Society. Advances in Neural714
Information Processing Systems, 36:51991–52008.715

Yihao Li, Ru Zhang, and Jianyi Liu. 2024. An enhanced716
prompt-based llm reasoning scheme via knowledge717
graph-integrated collaboration. In Artificial Neural718
Networks and Machine Learning – ICANN 2024,719
pages 251–265, Cham. Springer Nature Switzerland.720

Aixin Liu, Bei Feng, Bing Xue, Bingxuan Wang,721
Bochao Wu, Chengda Lu, Chenggang Zhao, Chengqi722
Deng, Chenyu Zhang, Chong Ruan, and 1 others.723
2024. Deepseek-v3 technical report. arXiv preprint724
arXiv:2412.19437.725

Lars-Peter Meyer, Johannes Frey, Felix Brei, and726
Natanael Arndt. 2024. Assessing SPARQL capa-727
bilities of large language models. arXiv preprint728
arXiv:2409.05925.729

Bonan Min, Hayley Ross, Elior Sulem, Amir730
Pouran Ben Veyseh, Thien Huu Nguyen, Oscar Sainz,731
Eneko Agirre, Ilana Heintz, and Dan Roth. 2023. Re-732
cent Advances in Natural Language Processing via733
Large Pre-trained Language Models: A Survey. ACM734
Computing Surveys, 56(2):1–40.735

OpenAI. 2024. GPT-4o Technical Report. https:736
//openai.com/index/gpt-4o. OpenAI Technical Re-737
port.738

Aleksandr Perevalov, Dennis Diefenbach, Ricardo Us-739
beck, and Andreas Both. 2022. QALD-9-plus: A740
Multilingual Dataset for Question Answering over741
DBpedia and Wikidata Translated by Native Speak-742
ers. In 2022 IEEE 16th International Conference on743
Semantic Computing (ICSC), pages 229–234.744

Ofir Press, Muru Zhang, Sewon Min, Ludwig Schmidt,745
Noah A Smith, and Mike Lewis. 2023. Measur-746
ing and Narrowing the Compositionality Gap in747
Language Models. In Findings of the Association748
for Computational Linguistics: EMNLP 2023, pages749
5687–5711.750

Qwen Team. 2024. Qwen3: A Family of Open-Source751
Language Models by Alibaba Cloud. https://github.752
com/QwenLM/Qwen. Alibaba Cloud, Technical Re-753
port.754

Apoorv Saxena, Aditay Tripathi, and Partha Talukdar.755
2020. Improving Multi-Hop Question Answering756
over Knowledge Graphs Using Knowledge Base Em-757
beddings. In Proceedings of the 58th Annual Meet-758
ing of the Association for Computational Linguistics,759
pages 4498–4507.760

Hugo Touvron and 1 others. 2024. LLaMA 3: Open 761
Foundation and Instruction Models. https://ai.meta. 762
com/blog/meta-llama-3. Meta AI. 763

Khanh-Tung Tran, Dung Dao, Minh-Duong Nguyen, 764
Quoc-Viet Pham, Barry O’Sullivan, and Hoang D 765
Nguyen. 2025. Multi-agent Collaboration Mech- 766
anisms: A Survey of LLMs. arXiv preprint 767
arXiv:2501.06322. 768

W3C. 2013. SPARQL 1.1 Query Language. https: 769
//www.w3.org/TR/sparql11-query/. W3C Recom- 770
mendation. 771

Fei Wang, Xingchen Wan, Ruoxi Sun, Jiefeng Chen, and 772
Sercan O Arik. 2025. Astute RAG: Overcoming Im- 773
perfect Retrieval Augmentation and Knowledge Con- 774
flicts for Large Language Models. In Proceedings 775
of the 63rd Annual Meeting of the Association for 776
Computational Linguistics (Volume 1: Long Papers), 777
pages 30553–30571, Vienna, Austria. Association for 778
Computational Linguistics. 779

Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten 780
Bosma, Fei Xia, Ed Chi, Quoc V Le, Denny Zhou, 781
and 1 others. 2022. Chain-of-Thought Prompting 782
Elicits Reasoning in Large Language Models . Ad- 783
vances in Neural Information Processing Systems, 784
35:24824–24837. 785

Junde Wu, Jiayuan Zhu, Yunli Qi, Jingkun Chen, Min 786
Xu, Filippo Menolascina, Yueming Jin, and Vicente 787
Grau. 2025a. Medical Graph RAG: Evidence-based 788
Medical Large Language Model via Graph Retrieval- 789
augmented Generation. In Proceedings of the 63rd 790
Annual Meeting of the Association for Computational 791
Linguistics (Volume 1: Long Papers), pages 28443– 792
28467. 793

Qingyun Wu, Gagan Bansal, Jieyu Zhang, Yiran Wu, 794
Beibin Li, Erkang Zhu, Li Jiang, Xiaoyun Zhang, 795
Shaokun Zhang, Jiale Liu, and 1 others. 2024. Au- 796
toGen: Enabling Next-Gen LLM Applications via 797
Multi-Agent Conversations. In First Conference on 798
Language Modeling. 799

Ruofan Wu, Youngwon Lee, Fan Shu, Danmei Xu, 800
Seung-won Hwang, Zhewei Yao, Yuxiong He, 801
and Feng Yan. 2025b. ComposeRAG: A Mod- 802
ular and Composable RAG for Corpus-Grounded 803
Multi-Hop Question Answering. arXiv preprint 804
arXiv:2506.00232. 805

Zhao Xinjie, Fan Gao, Xingyu Song, Yingjian Chen, 806
Rui Yang, Yanran Fu, Yuyang Wang, Yusuke Iwa- 807
sawa, Yutaka Matsuo, and Irene Li. 2025. ReAgent: 808
Reversible Multi-Agent Reasoning for Knowledge- 809
Enhanced Multi-Hop QA. In Proceedings of the 810
2025 Conference on Empirical Methods in Natural 811
Language Processing, pages 4067–4089. 812

Shicheng Xu, Liang Pang, Huawei Shen, Xueqi Cheng, 813
and Tat-Seng Chua. 2024. Search-in-the-Chain: In- 814
teractively Enhancing Large Language Models with 815
Search for Knowledge-intensive Tasks. In Proceed- 816
ings of the ACM Web Conference 2024, pages 1362– 817
1373. 818

10

https://openai.com/index/gpt-4o
https://openai.com/index/gpt-4o
https://openai.com/index/gpt-4o
https://doi.org/10.1109/ICSC52841.2022.00045
https://doi.org/10.1109/ICSC52841.2022.00045
https://doi.org/10.1109/ICSC52841.2022.00045
https://doi.org/10.1109/ICSC52841.2022.00045
https://doi.org/10.1109/ICSC52841.2022.00045
https://doi.org/10.1109/ICSC52841.2022.00045
https://doi.org/10.1109/ICSC52841.2022.00045
https://github.com/QwenLM/Qwen
https://github.com/QwenLM/Qwen
https://github.com/QwenLM/Qwen
https://ai.meta.com/blog/meta-llama-3
https://ai.meta.com/blog/meta-llama-3
https://ai.meta.com/blog/meta-llama-3
https://www.w3.org/TR/sparql11-query/
https://www.w3.org/TR/sparql11-query/
https://www.w3.org/TR/sparql11-query/
https://doi.org/10.18653/v1/2025.acl-long.1476
https://doi.org/10.18653/v1/2025.acl-long.1476
https://doi.org/10.18653/v1/2025.acl-long.1476
https://doi.org/10.18653/v1/2025.acl-long.1476
https://doi.org/10.18653/v1/2025.acl-long.1476


Yingxuan Yang, Huacan Chai, Shuai Shao, Yuanyi Song,819
Siyuan Qi, Renting Rui, and Weinan Zhang. 2025.820
Agentnet: Decentralized Evolutionary Coordination821
for LLM-based Multi-agent Systems. arXiv preprint822
arXiv:2504.00587.823

Shunyu Yao, Jeffrey Zhao, Dian Yu, Nan Du, Izhak824
Shafran, Karthik Narasimhan, and Yuan Cao. 2023.825
ReAct: Synergizing Reasoning and Acting in Lan-826
guage Models. In International Conference on Learn-827
ing Representations (ICLR).828

Michihiro Yasunaga, Hongyu Ren, Antoine Bosselut,829
Percy Liang, and Jure Leskovec. 2021. QA-GNN:830
Reasoning with Language Models and Knowledge831
Graphs for Question Answering. In Proceedings of832
the 2021 Conference of the North American Chap-833
ter of the Association for Computational Linguistics:834
Human Language Technologies, pages 535–546.835

11



Appendix Contents836

A Datasets and Evaluation Settings 12837

A.1 Wikidata-based Text-to-SPARQL838

Benchmarks . . . . . . . . . . . . 12839

A.2 Circular Economy Knowledge840

Graphs . . . . . . . . . . . . . . . 12841

A.3 Evaluation Metric Details . . . . . 13842

B Knowledge Graph Allocation Perfor-843

mance 13844

C Baseline LLM Performance Comparison 13845

D Prompt Template 15846

E SPARQL Query Skeleton Templates 16847

F Case Study 17848

G Notation Table 20849

A Datasets and Evaluation Settings850

A.1 Wikidata-based Text-to-SPARQL851

Benchmarks852

We evaluate on three widely used text-to-853

SPARQL benchmarks executed on Wikidata:854

LC-QuAD 2.0 (Dubey et al., 2019), QALD-9855

Plus (Perevalov et al., 2022), and QALD-10 (Li856

et al., 2024). All datasets are evaluated using the857

same execution-based protocol (EA/QSC/TF1),858

and we follow the official train/test splits provided859

by each benchmark.860

QALD-9 Plus extends QALD-9 by adding multi-861

lingual questions and transferring SPARQL queries862

from DBpedia to Wikidata; we use only the English863

split (371 train / 136 test).864

QALD-10 increases query complexity and re-865

alism. It provides 412 training questions derived866

from the QALD-9 Plus Wikidata split and intro-867

duces a new test set of 394 questions that reflect868

real-world information needs.869

A.2 Circular Economy Knowledge Graphs870

To assess robustness beyond Wikidata-style KGs,871

we evaluate on three RDF knowledge graphs cu-872

rated in-house for industrial resource exchanges873

in the circular economy domain. These graphs dif-874

fer in schema complexity, entity coverage, and the875

prevalence of quantitative attributes:876

Industry-Oriented Queries

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

Providers Receivers Resources

Crop Residue Producers

Crop Rotation Farmers

Pesticide and Fungi-
cide Producers

Renewable En-
ergy Producers

Water Manage-
ment Providers

Crop Monitoring
Technology Providers

Livestock Feed
Producers

Soil Fertility In-
put Producers

Crop Protection Services

Biofuel Producers

Irrigation Sys-
tem Producers

Agricultural Tech-
nology Providers

Crop residue (straw,
stems, leaves)

Crop rotation

Pesticides and fungicides

Vegetable oils

Irrigation systems

Crop monitor-
ing technology

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

Waste-Oriented Queries

Mill Scale
EWC Code

100210

Providers Receivers

Iron & Steel Production

Metal Surface Treatment

Manufacture
of Metal Parts

Manufacture of
Basic Iron & Steel

Manufacture of
Tubes & Pipes

Manufacture of Fabri-
cated Metal Products

Construction

Steel Production

Soil Remediation

Pigment Production

Fuel Source

Fertilizer

NLP NLP

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

Figure 5: Examples of industry-oriented and waste-
oriented query templates in circular economy KGs.

• German-IS. This dataset (8,649 triples) mod- 877

els 265 exchange cases from a national Ger- 878

man program. Entities include Provider, 879

Receiver, and Resource, with textual de- 880

scriptions and annotations using WZ-08 (Ger- 881

man Classification of Economic Activities), 882

CPA (EU Product Classification), EWC (Eu- 883

ropean Waste Catalog), ISIC (International 884

Standard Industrial Classification), HS (Har- 885

monized System Code) and SSIC (Singapore 886

Standard Industrial Classification). 887

• EU-Pilot. This dataset (11,810 triples) cov- 888

ers 305 cases from an EU-funded project. 889

It includes structured metadata such as 890

hasStatus and hasComments, and is an- 891

notated with NACE Rev. 2, CPA and EWC 892

codes. 893

• Waste-Ledger. This dataset (52,402 triples) 894

contains 1,727 instances of waste and resource 895
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flows across Europe. It includes quantitative896

attributes such as hasGwp100 (global warm-897

ing potential), and regulatory metadata such898

as hasHSCode, and hasEWCCode.899

Figure 5 shows two representative query patterns900

supported by these KGs: industry-oriented queries901

that map Provider–Receiver–Resource902

relations under a target NACE code (Figure 5a),903

and waste-oriented queries centered on an EWC904

code that connect upstream producers to down-905

stream receivers (Figure 5b).906

A.3 Evaluation Metric Details907

• Execution Accuracy (EA). A prediction is908

considered correct if (i) the generated query909

compiles and (ii) the resulting set of answers910

exactly matches the gold answer set. Formally,911

EA =
1

N

N∑
i=1

⊮
[
compile(qi)∧

ans(qi) = ans(qgold
i )

] (1)912

where qi is the predicted query, qgold
i is the913

gold query, and ans(q) denotes the execution914

result of query q.915

• Query Syntax Correctness (QSC). The pro-916

portion of generated queries that compile suc-917

cessfully using Apache Jena:918

QSC =
1

N

N∑
i=1

⊮ [compile(qi)] (2)919

• Triple-Level F1 (TF1). This metric compares920

triple patterns in the WHERE clause of pre-921

dicted and gold queries, ignoring variable re-922

naming and FILTERs. Precision, recall, and923

F1 are computed with micro-averaging:924

TF1 =
2 · P ·R
P +R

(3)925

P =

∑N
i=1 |TPi|∑N

i=1 |Predi|
(4)926

R =

∑N
i=1 |TPi|∑N

i=1 |Goldi|
(5)927

where TPi is the number of correct triple pat-928

terns for example i, Predi is the number of929

predicted triple patterns, and Goldi is the930

number of gold triple patterns.931

• Average Token Usage (ATU). The average 932

number of input tokens per prediction, reflect- 933

ing prompt-level cost: 934

ATU =
1

N

N∑
i=1

tokensin(qi) (6) 935

where tokensin(qi) denotes the number of 936

input tokens used to prompt query qi. 937

Note. N denotes the total number of evaluation 938

samples. ⊮[·] is the indicator function that returns 939

1 when the condition is true and 0 otherwise. 940

B Knowledge Graph Allocation 941

Performance 942

0 20 40 60 80 100
Allocation Accuracy (%)

V-LLaMA3-70B

V-LLaMA3.3-70B

V-L-GPT-4o

V-L-DeepSeek-V3

R-Qwen3-32B

R-QwQ-32B

R-L-DeepSeek-R1

Ours

Comparison of Knowledge Graph 
Allocation Performance

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

We evaluate the allocator’s effectiveness by mea- 943

suring the proportion of subgoals routed to a graph 944

that actually contains the gold answer. As shown 945

in Figure 6, AGENTICT2S attains the highest allo- 946

cation accuracy, exceeding the strongest baseline 947

(DeepSeek-R1) by over 10%. This precision di- 948

rectly impacts EA: correctly routed subgoals are 949

more likely to match relevant schemas, leading to 950

higher query validity and fewer empty results. 951

C Baseline LLM Performance 952

Comparison 953

We benchmark diverse LLM backbones, includ- 954

ing vanilla and reasoning-augmented variants, on 955

circular economy KGs using EA, QSC, and TF1. 956

Tables 3 and 4 show per-graph performance on EA 957

and QSC respectively. Table 5 presents an overall 958

comparison including token efficiency, demonstrat- 959

ing that our agentic approach achieves superior 960

performance while maintaining reasonable compu- 961

tational costs. 962
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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 17.21 ± 1.43 14.31 ± 0.80 14.28 ± 0.76
V-L-GPT-4o 76.50 ± 2.93 74.24 ± 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 72.91 ± 0.94

Ours: AGENTICT2S 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 27.48 ± 2.00 24.44 ± 1.72 24.35 ± 1.55
V-L-GPT-4o 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 75.44 ± 1.28 73.64 ± 1.00 75.86 ± 1.53
R-QwQ-32B 67.49 ± 1.12 72.98 ± 0.84 68.28 ± 0.68
R-L-DeepSeek-R1 86.05 ± 0.81 87.75 ± 1.46 85.22 ± 1.89

Ours: AGENTICT2S 97.14 ± 1.62 96.99 ± 0.55 97.91 ± 1.44

Table 5: Overall performance comparison of different model configurations on structured KGQA. AGENTICT2S
achieves the highest accuracy across all metrics while maintaining lower token usage.

Model EA (%) QSC (%) TF1 (%) ATU

V-LLaMA3-70B 10.12 ± 2.45 15.47 ± 3.12 18.36 ± 2.78
V-LLaMA3.3-70B 12.28 ± 2.13 18.65 ± 3.08 10.52 ± 2.33 1632
V-L-GPT-4o 55.15 ± 1.31 60.04 ± 0.56 58.32 ± 1.12 (± 110)
V-L-DeepSeek-V3 45.74 ± 1.22 50.19 ± 1.41 47.09 ± 1.13

R-Qwen3-32B 40.25 ± 1.05 45.68 ± 1.82 42.72 ± 1.01 1632
R-QwQ-32B 35.67 ± 1.01 40.31 ± 0.75 38.25 ± 0.89
R-L-DeepSeek-R1 50.32 ± 1.14 55.21 ± 1.22 52.18 ± 0.07 (± 110)

A-ReAct+LLaMA3-70B 28.52 ± 1.03 37.33 ± 1.74 33.25 ± 0.98
A-ReAct+Qwen3-32B 47.13 ± 1.45 54.65 ± 2.01 52.30 ± 1.88 1518
A-AutoGen+LLaMA3-70B 31.21 ± 2.17 33.02 ± 0.89 37.14 ± 1.06 (± 110)
A-AutoGen+Qwen3-32B 49.06 ± 1.12 58.39 ± 1.93 53.28 ± 1.62

Ours: AGENTICT2S 72.43 ± 1.24 76.21 ± 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 963

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_ID.

• ...

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

964

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.]

965

Note. This prompt is intended for illustrative purposes only. In actual LLM evaluations, the template 966

should be supplemented with concrete schema details, representative examples, namespace declarations, 967

and any other relevant contextual information required to support realistic and fair testing. 968
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E SPARQL Query Skeleton Templates969

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 }

970

Receiver-based Queries

3. Search receiver by code
1 SELECT DISTINCT ?receiverID ?receiver WHERE {

2 ?receiverID iskg:hasxxxCode [code] .

3 ?receiverID iskg:hasName ?receiver .

4 }

4. Search receiver code by name
1 SELECT DISTINCT ?code WHERE {

2 ?receiverID iskg:hasName [name] .

3 ?receiverID iskg:hasxxxCode ?code .

4 }

971

Resource-based Queries

5. Search resource by code
1 SELECT DISTINCT ?resourceID ?resource WHERE {

2 ?resourceID iskg:hasxxxCode [code] .

3 ?resourceID iskg:hasName ?resource .

4 }

6. Search resource code by name
1 SELECT DISTINCT ?code WHERE {

2 ?resourceID iskg:hasName [name] .

3 ?resourceID iskg:hasxxxCode ?code .

4 }

7. Search resource by provider name
1 SELECT DISTINCT ?resourceID ?resource WHERE {

2 ?providerID iskg:hasName [name] .

3 ?activityID iskg:hasProvider ?providerID .

4 ?activityID iskg:hasResource ?resourceID .

5 ?resourceID iskg:hasName ?resource .

6 }

8. Search resource by receiver name
1 SELECT DISTINCT ?resourceID ?resource WHERE {

2 ?receiverID iskg:hasName [name] .

3 ?activityID iskg:hasReceiver ?receiverID .

4 ?activityID iskg:hasResource ?resourceID .

5 ?resourceID iskg:hasName ?resource .

6 }

972

Note. These SPARQL templates are manually constructed by domain experts and organized in a schema-973

driven yet dataset-agnostic manner: we derive common query intents (entity lookup by name/code, relation974

traversal, and basic filtering) and encode them as SPARQL 1.1 skeletons with slots such as [name] and975

[code]. KG-specific predicates are abstracted as placeholders (e.g., iskg:hasxxxCode) and instan-976

tiated via a lightweight per-dataset mapping layer; in our circular economy KGs this mapping corresponds977

to Provider/Receiver/Resource roles and the exchange node (e.g., ?activityID).978
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F Case Study 979

𝐶𝑙𝑎𝑟𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛
For every CPA product code found 
in the resources, which HS trade 
codes co-occur with it building a 
cross-classification bridge that 

spans the data sources?

𝑃𝑎𝑟𝑠𝑒 𝑖𝑛𝑡𝑜 𝑠𝑢𝑏𝑔𝑜𝑎𝑙𝑠

➢ What are the CPA product codes present 
in the data sources?

➢ For each CPA product code, which HS 
trade codes co-occur with it in the same 
data sources?

U-Pilot 

Allocate KGs𝐼𝑛𝑐𝑜𝑚𝑝𝑙𝑒𝑡𝑒 𝐼𝑛𝑝𝑢𝑡

For product code found in 
the resources, which trade 
codes co-occur with it...?

Error

1.       EU-Pilot
(11,810 triples)

2. Waste-Ledger
(52,402 triples)  

𝑆𝑃𝐴𝑅𝑄𝐿 𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝐶ℎ𝑒𝑐𝑘 𝑎𝑛𝑑 𝑀𝑜𝑑𝑖𝑓𝑦𝐴𝑛𝑠𝑤𝑒𝑟 𝐹𝑢𝑠𝑖𝑜𝑛 & 𝑂𝑢𝑡𝑝𝑢𝑡

SELECT DISTINCT ?cpaCode
WHERE {   ………….
}
    VALUES ?hsProp {
        iskg:nonExistentProperty
    }
    GROUP BY ?cpaCode ?hsCode
} …………..

SELECT DISTINCT ?cpaCode
WHERE {   ………….
}
    VALUES ?hsProp {
        iskg:nonExistentProperty
    }
    GROUP BY ?cpaCode ?hsCode
} …………..

iskg:hasCPACode
        iskg:cpaCode
        iskg:hasCPA

CPA Code cpa:011150 corresponds 
to HS Code hs:100610
………

SPARQL & Natural 
Language Answer

Figure 7: Example workflow of AGENTICT2S 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 ✗
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 }
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 ✓
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"))
7 }
8 GROUP BY ?nace

Ours: AgenticT2S ✓
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 }
9 GROUP BY ?naceCode

980
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Case 2: Single KG

Question: Temporal distribution of exchanges by decade of publication

Target KG: EU-Pilot

LLaMA3-70B ✗
1 PREFIX iskg: <https://www.ressource-deutschland.de/iskg/>
2 PREFIX res: <https://www.ressource-deutschland.de/>
3 SELECT (floor(?year / 10) * 10) as ?decade (COUNT(*) as ?count)
4 WHERE {
5 ?exchange iskg:hasInformation ?info .
6 ?info iskg:hasPublishedYear ?year .
7 FILTER(STRSTARTS(STR(?exchange),
8 "https://www.ressource-deutschland.de"))
9 }

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 floor(?year / 10) * 10 cannot be used directly in SELECT or GROUP
BY; use BIND(... AS ?var) instead.

Qwen3-32B ✗
1 SELECT ?decade (COUNT(*) 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: AgenticT2S ✓
1 PREFIX iskg: <https://www.ressource-deutschland.de/iskg/>
2 PREFIX xsd: <http://www.w3.org/2001/XMLSchema#>
3 SELECT ?decade (COUNT(*) 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 }
12 GROUP BY ?decade
13 ORDER BY ?decade

981
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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 ✗
1 PREFIX iskg: <http://www.industrialsymbiosisKG.sg/schema#>
2 SELECT ?cpaCode (GROUP_CONCAT(DISTINCT STR(?hs); SEPARATOR=",")
3 AS ?hsCodes)
4 WHERE {
5 GRAPH ?g {
6 ?res iskg:hasCPACode ?cpaCode ;
7 iskg:hasHSCode ?hs .
8 }
9 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.

Qwen3-32B ✗
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: AgenticT2S ✓
1 SELECT ?cpaCode (GROUP_CONCAT(DISTINCT STR(?hs); SEPARATOR=",")
2 AS ?hsCodes)
3 WHERE {
4 GRAPH ?g {
5 ?res iskg:hasCPACode ?cpaCode .
6 FILTER EXISTS {
7 ?res iskg:hasHSCode ?hs .
8 }
9 }

10 }
11 GROUP BY ?cpaCode

Merged version
982
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G Notation Table983

Table 6: Notations.

Symbol Meaning

q input natural-language question
G = {G1, . . . , Gn} collection of n knowledge graphs
Gi the i-th knowledge graph (or selected graph for subgoal gi in Alg. 1)
Ent union of entity sets across graphs in G
k number of subgoals after decomposition
gi i-th subgoal derived from q
Ci candidate graph set for subgoal gi
si SPARQL query generated for subgoal gi
Ai answer set returned by executing si
A final integrated answer produced by the result integrator

p number of candidate graphs kept after weak-tier retrieval (p≪ n)
Sj schema slice (predicates/types/constraints) extracted from candidate graph Gj

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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