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Abstract001

We study the problem of translating natural002
language (NL) questions into Nebula Graph003
Query Language (nGQL) using large language004
models (LLMs). To systematically evaluate005
robustness, we introduce a benchmark of 105006
NL–nGQL pairs covering single-hop and multi-007
hop queries, as well as easy and hard domain-008
specific anomaly questions that require implicit009
domain knowledge and semantic reasoning. In010
particular, maritime queries such as identify-011
ing loitering or rendezvous events cannot be012
answered through literal keyword filtering and013
instead require reasoning over domain-defined014
conditions and graph structure. We evaluate015
LLMs under on two categories of NL questions:016
(i) knowledge-graph schema-dependent direct017
questions, and (ii) domain-concept anomaly018
event questions. Performance is measured us-019
ing token-level schema linking accuracy, con-020
straint/filter match accuracy, projection pre-021
cision, and execution accuracy. Our results022
show that while existing LLMs generate accu-023
rate nGQL queries for simple questions, their024
performance degrades significantly on domain-025
specific questions, highlighting fundamental026
limitations in domain-aware reasoning for reli-027
able property-graph query generation.028

1 Introduction029

Knowledge graphs (KGs) are increasingly used030

in real-world systems to support complex analyt-031

ical and decision-making tasks in domains such032

as maritime monitoring, cybersecurity, and supply-033

chain intelligence. These domains rely on spe-034

cialized schemas, spatiotemporal reasoning, and035

implicit operational semantics, and KG-based sys-036

tems are typically embedded in larger investiga-037

tive pipelines where correctness and interpretabil-038

ity are critical. However, interacting with KGs re-039

mains challenging, as writing correct graph queries040

requires detailed knowledge of the schema, do-041

main semantics, and query language constructs.042

Large Language Models (LLMs) offer a promis- 043

ing natural-language interface for KG-based sys- 044

tems and are increasingly explored as controllers 045

in multi-stage, agentic pipelines. In such settings, 046

LLMs must translate natural-language questions 047

into executable graph queries, making query gener- 048

ation a foundational step whose errors directly af- 049

fect downstream analysis. This task is particularly 050

challenging for property-graph query languages 051

such as NebulaGraph’s nGQL, which are highly 052

schema-dependent and rely on multi-hop traver- 053

sal, temporal constraints, and domain-specific as- 054

sumptions. Moreover, operational and regulatory 055

constraints in sensitive domains often require on- 056

premise deployment, limiting the applicability of 057

proprietary cloud-based models. 058

This motivates a systematic evaluation of de- 059

ployable LLMs for property-graph query gener- 060

ation. While prior work has focused primarily 061

on relational databases, existing benchmarks do 062

not capture domain concepts that motivate graph- 063

based modeling in practice, where behaviors such 064

as loitering or rendezvous must be inferred from 065

spatiotemporal patterns across multiple nodes and 066

relations. Our contributions in this paper are (1) 067

We benchmark LLMs on NL-to-nGQL genera- 068

tion for both schema-dependent simple queries and 069

domain-specific complex queries. (2) We curate a 070

dataset of natural language questions paired with 071

gold-standard nGQL queries that encode domain 072

semantics through traversal patterns, temporal fil- 073

ters, and spatial constraints. (3) Evaluating open- 074

source models across syntactic validity, schema 075

adherence, execution accuracy, and answer fidelity, 076

we show that although many generated queries are 077

syntactically valid, they often fail to correctly oper- 078

ationalize domain concepts. 079

While this study evaluates query generation in iso- 080

lation, it is explicitly motivated by the broader goal 081

of building reliable, in-premise multi-agent deep- 082

search systems over knowledge graphs. 083
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Figure 1: End-to-end pipeline for NL to nGQL query
generation over a maritime KG. The NebulaGraph KG
ingests raw multimodal data sources (AIS and satellite
imagery) and derived entities, such as AIS tracks, infer-
ence runs, detections etc. A user’s NL query is provided
to an LLM conditioned on the KG schema, nGQL syn-
tax, and simple representative example queries, which
generates an executable nGQL query that is executed
on the graph to retrieve structured results.

2 Benchmark Setup084

2.1 Related Work085

NL to structured query generation has been stud-086

ied in the context of relational databases, with the087

SPIDER benchmark (Yu et al., 2018) establishing088

text-to-SQL as a core semantic parsing task under089

unseen schemas. Recent surveys highlight rapid090

advances driven by LLMs, including prompt en-091

gineering, fine-tuning, execution-based evaluation,092

and error analysis (Liu et al., 2025). Subsequent093

work identifies schema grounding as a central chal-094

lenge and proposes context-aware schema retrieval095

and linking mechanisms to improve query gener-096

ation accuracy (Nahid et al., 2025). Beyond one-097

shot generation, agentic and multi-step approaches098

combine schema-aware prompting, task decompo-099

sition, and iterative debugging, demonstrating im-100

proved execution accuracy, particularly for smaller101

open-source models (Phan et al., 2025; Ahmed102

et al., 2025). Compared to text-to-SQL, NL to103

KG query generation remains less standardized104

and more sensitive to traversal logic and schema105

constraints. Recent studies explore LLM-based106

generation of graph queries such as Cypher and107

SPARQL using few-shot prompting and retrieval-108

augmented schema support to reduce hallucina-109

tions and improve validity (Munir and Aldini, 2024;110

Emonet et al., 2024), with emerging work extend-111

ing to multi-turn, context-dependent graph query-112

ing (Liang et al., 2025).113

Gap: Domain concepts and operational seman-114

tics: Existing approaches improve query genera-115

tion through schema exposure, examples, retrieval,116

or agentic refinement, and evaluate performance 117

using exact match or execution accuracy. However, 118

they typically treat user queries as self-contained 119

and do not explicitly incorporate domain concept 120

definitions (e.g., the conditions defining loitering 121

or dark vessel behavior) as first-class inputs. Con- 122

sequently, current benchmarks offer limited insight 123

into how operational domain knowledge affects an 124

LLM’s ability to generate correct domain-grounded 125

property-graph queries. Our benchmark addresses 126

this gap by evaluating NL-to-nGQL generation 127

on both schema dependant direct questions and 128

domain-specific compelx questions. 129

2.2 Knowledge Graph Schema and Data 130

Generation 131

We construct a multi-modal maritime KG using 132

NebulaGraph, grounded in a structured domain on- 133

tology that captures vessels, AIS tracks, satellite 134

media, inference runs, detections, ports, and op- 135

erational regions. The schema encodes explicit 136

relationships between AIS-derived motion patterns 137

and satellite-derived visual observations, enabling 138

joint reasoning over movement, time, and physical 139

presence. Detailed KG schema is in the appendix. 140

To support controlled experimentation and evalu- 141

ation, we generate synthetic yet domain-consistent 142

data samples for the year 2025. AIS tracks, satellite 143

media footprints and detection events are simulated 144

according to realistic spatial, temporal and kine- 145

matic constraints, while preserving the relational 146

structure imposed by the ontology. This approach 147

allows us to scale the dataset while ensuring seman- 148

tic validity and reproducibility. 149

The synthetic dataset includes six ports, three 150

maritime regions, and eight vessel classes spanning 151

four vessel types, as summarized in Table 1. In total 152

we have generated 26.4k vessel detections across 153

17.5k synthetic satellite media wkt’s, 156k AIS 154

tracks for 30 vessels for 365 days. These generated 155

samples includes normal as well as anomaly events. 156

We randomly generate domain-specific maritime 157

anomaly events monthly, includes loitering, ren- 158

dezvous, impossible transit, and dark vessel. 159

2.3 Natural Language Questions and 160

Ground-Truth nGQL 161

Using the constructed KG, we curated a bench- 162

mark of 105 NL–to–nGQL query pairs. Each NL 163

question is manually translated into an executable 164

nGQL query, which serves as the ground truth. The 165

benchmark includes a balanced mix of single-hop 166
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Port (UN/LOCODE) Jebel Ali (AEJEA), Fujairah (AEFJR), Muscat (OMMCT), Duqm (OMDQM), Dammam (SADMM), Doha (QADOH)
Maritime Region Hormuz Strait, Arabian Gulf, Oman Coast
Vessel Class Large Tanker, Product Tanker, Bulk or General Cargo, Container Ship, Fishing Vessel, Naval or Coastguard, Dhow, Small Boat
Vessel Type Tanker, Cargo vessel, Government vessel, Regional vessel

Table 1: Domain categories and geographic coverage used in the synthetic data generation process.

and multi-hop direct schema-level queries, easy167

and hard questions, and domain-specific anomaly168

queries that require semantic interpretation be-169

yond schema-level reasoning. A substantial por-170

tion of the benchmark focuses on maritime oper-171

ational concepts such as Loitering (16 Qns), Ren-172

dezvous(13 Qns), Dark Vessel Behavior(17 Qns)173

and Impossible Transit(13 Qns) events. These174

concepts are not explicitly represented as flags or175

attributes in the KG; instead, they are implicitly176

defined through combinations of spatio-temporal177

patterns, cross-modal inconsistencies, and domain-178

specific constraints. For example, loitering denotes179

prolonged low-speed movement within a confined180

area outside normal port or anchorage activity; a181

rendezvous refers to two or more vessels remain-182

ing in close proximity outside designated ports;183

a dark vessel is identified through the absence184

of AIS signals despite satellite detection; and an185

impossible transit indicates physically infeasible186

vessel movement suggestive of spoofing or data187

anomalies.188

Because such domain concepts are not natively189

encoded in system-level KGs, generating correct190

queries requires an understanding of their opera-191

tional definitions and the ability to translate them192

into appropriate graph traversals and filtering con-193

ditions. This makes domain-concept queries fun-194

damentally more challenging than generic direct195

KG schema-level queries. Accordingly, we manu-196

ally construct ground-truth nGQL queries for both197

schema-level and domain-specific hard questions,198

ensuring that each query faithfully encodes the199

expert-defined semantics. All NL–nGQL pairs are200

independently verified by the domain experts to201

ensure correctness and consistency.202

2.4 LLM Prompt Construction203

To evaluate LLMs under consistent and informative204

conditions, we design a structured system prompt205

that provides all necessary context for query gen-206

eration. It includes: (i) NebulaGraph schema, (ii)207

nGQL syntax specification, (iii) a set of explicit208

rules aimed at preventing common errors (e.g., mis-209

use of tag-property access, invalid traversals), (iv)210

two representative example simple nGQL queries,211

and (v) formal definitions of domain concepts. 212

2.5 Evaluation Setup 213

For evaluation, natural language questions are sam- 214

pled from the benchmark and provided to each 215

LLM using a fixed system prompt. Models gen- 216

erate a single nGQL query per question without 217

execution feedback or iterative refinement. Gener- 218

ated queries are compared against manually written 219

ground-truth nGQL using token-based metrics that 220

capture partial correctness and structural alignment 221

rather than exact string matching. We use the fol- 222

lowing evaluation metrics: 223

Schema Linking Accuracy (SLAcc). Token-level 224

F1 score measuring the correctness of MATCH 225

patterns, including vertex tags, edge types, and 226

traversal direction. Incorrect edge direction yields 227

zero credit for the corresponding edge tokens. 228

Constraint / Filter Match Accuracy (CMAcc). 229

Token-level F1 score evaluating the correctness 230

of predicates in the WHERE clause, including at- 231

tributes, operators, values, and logical connectors, 232

independent of predicate order. 233

Projection Precision (Proj.). Token-level preci- 234

sion of the RETURN clause, computed as the ratio 235

of correctly predicted output tokens to the total 236

predicted tokens. 237

Execution Accuracy. The proportion of generated 238

nGQL queries that execute successfully on the KG 239

without syntax or schema errors; a query is consid- 240

ered correct only if the result row count matches 241

that of the ground-truth query. 242

3 Experimental Analysis and Discussion 243

We divide benchmark questions into simple 244

schema-level queries and domain-specific anomaly 245

queries (e.g., loitering, rendezvous, dark vessel 246

behavior, and impossible transit). We evaluate 247

multiple open-source LLMs and summarize the 248

results in Table 2. The results show that while 249

existing LLMs perform well on schema-driven 250

queries, their performance degrades substantially 251

on domain-specific queries. 252

This performance gap indicates that current 253

LLMs struggle to generate correct nGQL queries 254
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Model Simple questions Impossible Transit Dark Vessel Behavior Loitering Event Rendezvous Event

SLAcc CMAcc Proj. ExeAcc SLAcc CMAcc Proj. ExeAcc SLAcc CMAcc Proj. ExeAcc SLAcc CMAcc Proj. ExeAcc SLAcc CMAcc Proj. ExeAcc

CodeLlamma: 7B 0.6073 0.3370 0.5248 0.1304 0.0803 0.0769 0.0000 0.0000 0.3008 0.1986 0.2916 0.0625 0.3056 0.0367 0.0655 0.0000 0.1367 0.0890 0.0912 0.00
CodeLlamma: 13B 0.7366 0.3388 0.8152 0.1956 0.0512 0.0000 0.0000 0.0000 0.4349 0.2574 0.5755 0.0815 0.0967 0.0840 0.0343 0.0588 0.0370 0.0705 0.0523 0.00
CodeLlamma: 34B 0.7666 0.4373 0.7898 0.3043 0.0085 0.089 0.0090 0.069 0.4210 0.3109 0.5625 0.4375 0.1579 0.0228 0.0235 0.0000 0.1168 0.0849 0.0384 0.0769

Deepseek-coder: 6.7B 0.6926 0.3801 0.6737 0.3260 0.085 0.079 0.0068 0.0153 0.3037 0.2476 0.3958 0.3125 0.2029 0.0588 0.0970 0.0467 0.0843 0.0822 0.00 0.00
Deepseek-coder: 33B 0.7410 0.4319 0.7427 0.3695 0.0701 0.1043 0.0602 0.0769 0.3980 0.4638 0.5424 0.3750 0.2506 0.2208 0.0490 0.0000 0.0786 0.0901 0.0476 0.00

Falcon3:3B 0.6001 0.2173 0.4140 0.1938 0.0911 0.0109 0.0384 0.0000 0.3654 0.1254 0.2120 0.128 0.1296 0.062 0.0677 0.0588 0.1267 0.0862 0.0865 0.0469

Devstral:24B 0.7624 0.5434 0.7673 0.3509 0.2264 0.3076 0.2538 0.1491 0.2882 0.2068 0.6145 0.4382 0.4536 0.2884 0.3501 0.2354 0.1247 0.1869 0.1681 0.0356

DeepCoder: 1.5B 0.7153 0.1102 0.4695 0.0384 0.0046 0.0000 0.0000 0.0000 0.3858 0.1630 0.3377 0.0625 0.0082 0.0117 0.0215 0.0000 0.0213 0.01 0.03 0.0769
DeepCoder: 14B 0.7321 0.1286 0.4923 0.1092 0.1851 0.0803 0.0564 0.0769 0.4730 0.2072 0.4852 0.25 0.1363 0.539 0.0927 0.0588 0.1945 0.2516 0.0692 0.0200

Granite-code: 20B 0.7242 0.3108 0.7065 0.1739 0.1695 0.1732 0.2179 0.1686 28.34 0.1838 0.1875 0.3125 0.1356 0.1176 0.0756 0.0743 0.0878 0.0896 0.0000 0.0000

Qwen2.5-coder:3B 0.6827 0.4176 0.7122 0.2857 0.0952 0.0420 0.0192 0.0230 0.4006 0.2701 0.1895 0.1250 0.2174 0.0573 0.2098 0.0588 0.1133 0.0653 0.1410 0.0752
Qwen2.5-coder:14B 0.7239 0.3716 0.6612 0.4285 0.1695 0.1732 0.2179 0.3076 0.4539 0.2775 0.3467 0.375 0.4357 0.2549 0.3585 0.2352 0.1435 0.0943 0.1230 0.1538

Table 2: Comparison of LLMs on the NL-to-nGQL benchmark on simple schema-level query and domain-specific
complex query categories. SLAcc and CMAcc denote token-level F1 scores for schema linking and constraint
matching, respectively; Proj. denotes token-level projection precision; ExeAcc denotes execution accuracy.

Que: List out dark vessel candidates detected within 
125 nautical miles area of Fujairah port.

GT nGQL:
MATCH (p:PORT), (d:DETECTION)
WITH p, d, ST_Distance(p.PORT.port_wkt, d.DETECTION.bbox) AS dist

WHERE p.PORT.name == "Fujairah” AND d.DETECTION.no_ais == true AND dist <= 185200

RETURN p.PORT.name AS port_name, d.DETECTION.detection_id AS detection_id,
d.DETECTION.detection_time AS detection_time, d.DETECTION.vessel_class AS vessel_class,
d.DETECTION.vessel_type AS vessel_type, d.DETECTION.confidence AS confidence,
d.DETECTION.no_ais AS no_ais, dist
ORDER BY dist DESC;

Que: Count region-wise occurance of Rendezvous 
events in the year 2025.
GT nGQL:
MATCH (v1:VESSEL)-[:VESSEL_HAS_AIS_TRACK]->(t1:AIS_TRACK)-[:AIS_TRACK_IN_REGION]->(mr:MARITIME_REGION)
WHERE NOT (t1)-[:DURING_PORT_CALL]->(:PORT_CALL)
AND t1.AIS_TRACK.start_time_utc.year == 2025 AND t1.AIS_TRACK.avg_speed_kn <= 3.0

WITH t1, v1, mr
MATCH (v2:VESSEL)-[:VESSEL_HAS_AIS_TRACK]->(t2:AIS_TRACK)-[:AIS_TRACK_IN_REGION]->(r2:MARITIME_REGION)
WHERE NOT (t2)-[:DURING_PORT_CALL]->(:PORT_CALL)
AND t2.AIS_TRACK.avg_speed_kn <= 3.0 AND t2.AIS_TRACK.start_time_utc.year == 2025
AND v2.VESSEL.vessel_id != v1.VESSEL.vessel_id AND timestamp(t1.AIS_TRACK.start_time_utc) < 

timestamp(t2.AIS_TRACK.end_time_utc) AND timestamp(t2.AIS_TRACK.start_time_utc) < 
timestamp(t1.AIS_TRACK.end_time_utc) AND ST_Distance(t1.AIS_TRACK.start_pt, t2.AIS_TRACK.start_pt) < 500

RETURN mr.MARITIME_REGION.name as maritime_region, count(v1) as suspisious_vessels;

Figure 2: Sample domain-concept questions and their manually annotated nGQLs.

when questions require grounding operational do-255

main concepts into precise graph constraints and fil-256

tering logic. In particular, models frequently fail to257

translate expert-defined semantics, such as spatio-258

temporal persistence, cross-modal inconsistencies,259

or physical feasibility constraints into executable260

query patterns. This trend is consistent across261

all evaluated models, highlighting a fundamental262

limitation of existing LLMs in handling domain-263

grounded property-graph query generation. No-264

tably, in some LLM families, larger models achieve265

higher schema linking and filter accuracy yet ex-266

hibit near-zero execution accuracy compared to267

smaller variants. Manual analysis shows that these268

models over-generate syntactically valid but logi-269

cally irrelevant schema patterns and filters, leading270

to executable queries that return incorrect results.271

An exception is observed for dark vessel detection,272

where models outperform other domain-specific273

categories due to the presence of an explicit no_ais274

attribute in the DETECTION node. In contrast, for275

anomaly types lacking such explicit indicators,276

models fail to infer the required constraints. Fi-277

nally, larger models tend to over-specify queries278

by adding unnecessary traversals or non-existent279

filters, resulting in hallucinations and reduced exe-280

cution performance.281

4 Conclusion and Future Work282

We introduced a benchmark for evaluating LLMs283

on natural language to nGQL query generation over284

a multimodal maritime knowledge graph. Our ex- 285

periments show that while existing LLMs perform 286

well on simple schema-level queries, they consis- 287

tently fail on domain-specific questions requiring 288

operational reasoning, such as loitering or dark ves- 289

sel detection. These failures arise from an inability 290

to translate expert-defined domain concepts into 291

precise graph constraints. Beyond methodological 292

evaluation, this work is motivated by the practi- 293

cal goal of supporting real-world system develop- 294

ment in geospatial and maritime domains, where 295

rigorous benchmarking is essential for building re- 296

liable and deployable KG-driven analytical sys- 297

tems. Future work will focus on integrating do- 298

main knowledge more explicitly into LLM-based 299

query generation through structured concept rep- 300

resentations, retrieval-augmented prompting, and 301

execution-aware validation. 302

5 Limitations 303

This work evaluates NL-to-nGQL query genera- 304

tion in isolation and does not consider multi-turn or 305

interactive querying. Although grounded in a real- 306

istic maritime knowledge graph, the benchmark re- 307

lies on synthetic data and expert-defined concepts, 308

which may not fully capture real-world variabil- 309

ity. Our evaluation is limited to English questions 310

and a fixed domain, and does not assess general- 311

ization across domains, schemas, or graph query 312

languages. 313
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