
Diagnosing and Addressing Pitfalls in KG-RAG 
Datasets: Toward More Reliable Benchmarking

Motivation: The Diagnosis
Large language models with retrieval-augmented generation (RAG) are 
increasingly used for knowledge-intensive tasks. For knowledge-graph RAG 
(KG-RAG), progress depends heavily on benchmark datasets. 
• We manually inspected over 1,000 QA pairs sampled from 16 widely used 

datasets, which reveals an average factual correctness rate of only 57%.

Stage 1: Seed Subgraph Construction
• Start from a seed entity and extract a local 1-hop subgraph to define the knowledge 

scope and candidate reasoning space.
Stage 2: LLM-Guided Subgraph Expansion & Question Generation
• Iteratively expand the subgraph if insufficient for meaningful reasoning.
• LLM decides whether more structure is needed and then generates a question, 

candidate answer(s), and supporting subgraph.
Stage 3: Symbolic Validation & Refinement
• Execute the SPARQL query to verify answer correctness.
• If a mismatch occurs, apply refinement loops; discard if unresolved.
Output: question, answer, supporting subgraph, and executable SPARQL query.
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KGQAGen-10k Dataset

Takeaways

Experiment Results
Benchmarked KG-RAG frameworks and LLM baselines on KGQAGen-10k
using a standardized 8,629 / 1,079 / 1,079 split, evaluated with exact-
match and LM-Assisted Semantic Match (LASM) scoring.
Baselines
• RoG, ToG, PoG, GCR
• LLMs: GPT-4, GPT-4o, GPT-4.1, GPT-4o-mini, DeepSeek-Chat, 

LLaMA-3.1-8B-Instruct, LLaMA2-7B, Mistral-7B-Instruct-v0.2

Ø Existing KGQA benchmarks contain quality issues, including 
inaccurate ground truth answers, low-quality or ambiguous 
questions, and a rigid exact-match evaluation that penalizes 
semantically correct responses.

Ø KGQAGen provides a scalable, KG-grounded, and SPARQL-verified 
framework that systematically overcomes these limitations and enables 
the construction of reliable, multi-hop benchmarks.

Ø Experiments show that high-quality retrieval remains the central 
bottleneck in current KG-RAG systems, even when paired with 
advanced LLMs.

A 10,787-instance, SPARQL-verified, multi-hop KGQA 
dataset generated by KGQAGen.
• High quality: 96.3% manually verified correctness 

(289/300).
• Non-trivial reasoning: 98% require 2–5 hops, with 5–30 

entities and 4–28 relations per supporting graph.
• Linguistic diversity: 61.1% questions are 16–30 words; 

only 7.5% are short factoids.

Reliable, scalable, and challenging: Built from real Wikidata subgraphs and SPARQL-
verified for correctness and reproducibility. LLM-guided KG exploration enables large-
scale, diverse multi-hop question generation, providing a benchmark that tests real 
reasoning, not template matching or trivial 1-hop lookup..

Topic Coverage

Key Findings
• Retrieval is the major bottleneck: LLM-SP models dominate (e.g., GPT-

4o: 54.2% → 84.9% with supporting subgraph).
• Multi-hop reasoning failure: Even the strongest LLMs struggle to retrieve 

and follow correct reasoning paths.
• Semantic evaluation matters: LASM > EM across all models, showing that 

many answers marked incorrect under exact-match are actually correct.

Pitfalls of Existing KGQA Benchmarks
Inaccurate Ground Truth Answers.
A major issue in existing KGQA benchmarks is incorrect or unreliable answers, 
leading to misleading evaluation and penalizing correct model predictions. 
• Incorrect annotations
• Outdated answers
• Incomplete annotations

Low-Quality or Ambiguous Questions.

Many KGQA benchmarks contain poorly constructed or underspecified 
questions, which reduce evaluation reliability and fail to test real reasoning ability.
• Ambiguous phrasing
• Low-complexity questions
• Unanswerable, subjective, or ill-formed questions

Limitations of Exact-Match Evaluation.

Rely on rigid exact-match criteria that fail to account for semantically correct 
answers expressed in different surface forms.

Q: “When did Michael Jordan return to the NBA?”
A: 1984
Issue: 1984 is the year of his NBA debut, not his return. The correct answer should be 1995

Q: “What does George Wilson do for a living?”
A: American football player
Issue: Multiple well-known individuals share the name George Wilson (e.g., The Great Gatsby
character, Dennis the Menace, several athletes).

Q: “How big is the Earth’s diameter?”
A: 1.2742e+07
Issue: "12,742 km," "12,742,000 meters," "about 7,918 miles,” and "approximately 12,700 
kilometers." Variations in units, notation, or approximation are all reasonable.
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Table 1: Systematic Audit of KGQA Datasets (Manual Verification Results).

Dataset KG Year Sample / Total Correctness (%)
WebQSP Freebase 2016 100 / 1639 52.00
ComplexWebQuestions Freebase 2018 300 / 3531 49.33
ComplexQuestions Freebase 2016 60 / 800 63.33
GraphQuestions Freebase 2016 60 / 2607 70.00
QALD DBpedia 2018 60 / 150 61.67
MetaQA WikiMovies 2018 60 / 39093 20.00
SimpleDBpediaQA DBpedia 2018 60 / 8595 43.33
CSQA Wikidata 2018 60 / 27797 65.00
LC-QuAD DBpedia/Wikidata 2017/2019 60 / 7046 38.34
FreebaseQA Freebase 2019 60 / 3996 98.67
CFQ Freebase 2020 60 / 239357 71.67
GrailQA Freebase 2020 60 / 13231 30.00
QALD-Plus DB/Wikidata 2022 60 / 136 63.33
KQA-Pro FB15k+Wikidata 2022 60 / 11797 66.67
DynamicKGQA YAGO 2025 60 / 40000 45.00

edge bases. LC-QuAD 1.0&2.0 [62, 14] used a hybrid approach combining SPARQL templates and81

human annotation over DBpedia and Wikidata. QALD-9 [39, 48] targeted multilingual QA evaluation,82

while CSQA [51] introduced conversational structures. KQAPro [8] emphasized compositional reason-83

ing with program annotations. MetaQA [79] used a synthetic movie KG to assess multi-hop reasoning84

and robustness to paraphrasing. Other datasets addressed specific evaluation goals. GrailQA [20]85

focused on generalization—i.i.d., compositional, and zero-shot—using questions over Freebase. Gen-86

eralizableKGQA [24] extended this by re-splitting multiple datasets under shared evaluation settings.87

CBench [44] and SmartBench [42] analyzed datasets from the SPARQL structural complexity and88

linguistic diversity. Maestro [43] proposed a rule-based automatic construction framework, though its89

reliance on manually defined predicate rules limits its generality. More recently, scalable generation90

methods have emerged. CHATTY-Gen [40] introduced dialogue-style questions featuring coreference91

and ellipsis. Dynamic-KGQA [10] employed LLMs to adaptively generate QA instances from YAGO92

4.5, but faced challenges from KG sparsity and hallucinated outputs. In summary, these existing93

efforts aim to enhance KGQA datasets from various perspectives—such as increasing linguistic94

diversity, enabling compositional reasoning, and improving scalability through automation. While95

valuable, few have systematically examined or addressed quality assurance. In contrast, our work96

focuses on factual correctness and verifiability.97

3 Pitfalls of Existing KGQA Benchmarks98

We identify two key issues with existing KGQA benchmarks for KG-RAG: (1) data quality problems,99

including inaccurate labels and trivial or ambiguous questions; and (2) rigid EM-based evaluation,100

which overlooks semantically correct but differently phrased answers.101

3.1 Dataset Quality Issues102

To assess the reliability of existing KGQA benchmarks, we manually inspected over 1,000 question-103

answer pairs sampled from 16 widely used datasets. A summary of findings is provided in Table 1. A104

description of the datasets and inspection protocol is included in appendix B. For each dataset, we105

randomly selected a representative subset of examples and evaluated them along three key dimensions:106

(1) factual correctness of the annotated answer, and (2) clarity and appropriateness of the question107

and (3) current evaludation of exact match shortcoming. We paid particular attention to the WebQSP108

and CWQ datasets, as they are the most dominant benchmarks in recent KGQA research. As shown in109

Table 1, for WebQSP and CWQ, we sampled 100 and 300 examples, respectively. For the remaining110

datasets, we uniformly sampled 60 examples. Overall, our inspection revealed substantial quality111

issues across many benchmarks. Notably, the most widely used WebQSP and CWQ datasets show112

serious quality issues. In WebQSP, only 52% of the sampled answers were judged correct, with113

quality issues including inaccurate answer and poor questions. Similarly, CWQ, which builds on114

WebQSP as its seed, achieved a correctness rate of just 49.33%, suffering from similar flaws along115

with additional issues due to increased question complexity. Beyond these two, we found that over116

half of the evaluated datasets had correctness rates below 60%, suggesting widespread challenges117

with annotation accuracy and question clarity. Next, we discuss the specific issues.118
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Table 2: Performance on KGQAGen-10k. EM = Exact Match; LASM = LLM-Assisted Semantic
Match; LLM-SP = LLM with Supporting Subgraph as input.

Type Model Accuracy Hit@1 F1 Precision Recall

EM LASM EM LASM EM LASM EM LASM EM LASM

Pure LLM

LLaMA-3.1-8B-Instruct 8.87 11.91 9.27 12.42 8.97 11.98 9.27 12.42 8.87 11.81
LLaMA2-7B 6.88 12.32 7.23 12.88 6.95 12.34 7.23 13.72 6.88 11.96
Mistral-7B-Instruct-v0.2 24.98 32.34 26.51 34.38 25.36 33.20 26.60 34.85 24.98 32.72
GPT-4o-mini 32.34 42.49 34.11 44.39 32.74 42.91 34.11 44.86 32.34 42.35
GPT-4 42.38 51.37 44.95 54.49 43.01 52.32 45.13 55.33 42.38 51.48
DeepSeek-Chat 42.48 51.84 45.51 55.24 43.17 52.64 45.60 55.79 42.48 51.78
GPT-4o 45.29 54.21 47.91 57.46 45.89 54.93 48.01 57.83 45.29 54.11
GPT-4.1 47.43 56.96 50.05 59.96 48.03 57.72 50.05 60.33 47.43 56.95

RAG-based

RoG (LLaMA2-7B) 20.10 27.28 21.32 28.92 17.75 24.26 17.65 24.79 20.10 27.16
GCR (LLaMA-3.1 + GPT-4o) 49.37 58.96 52.46 62.84 49.30 58.88 50.61 60.76 49.37 59.18
ToG (GPT-4o) 49.65 59.89 52.55 63.02 50.38 60.73 53.01 64.23 49.65 59.76
PoG (GPT-4o) 50.67 60.18 54.03 63.95 51.47 61.30 54.31 64.78 50.67 60.34

LLM-SP LLaMA2-7B (w/ SP) 69.79 73.79 73.12 77.76 70.43 74.55 72.81 77.67 69.79 73.76
GPT-4o (w/ SP) 82.46 84.89 89.62 92.22 84.07 86.75 89.81 93.23 82.46 84.95

Section 3, this metric often fails to capture semantically valid predictions that differ in surface form.352

To address this limitation, we introduce LLM-Assisted Semantic Match (LASM), a lightweight353

verification mechanism that activates only when a prediction fails the exact match. LASM uses354

GPT-4o-mini to assess semantic equivalence between predictions and gold answers (details in355

Appendix G). We report Accuracy, Hit@1, Precision, Recall, and F1 under both Exact Match (EM)356

and LASM for direct comparison.357

Evaluated Models. We evaluate three categories of models on KGQAGen-10k: (1) Pure LLMs:358

This group includes a range of open-source and commercial models—LLaMA-3.1-8B-Instruct,359

LLaMA2-7B, Mistral-7B-Instruct-v0.2, GPT-4o-mini, GPT-4, GPT-4o, GPT-4.1, and360

Deepseek-Chat. These models receive only the natural language question without any retrieval or361

external grounding; (2) KG-RAG Models: We include recent KG-RAG models such as RoG, GCR, ToG362

, and PoG. These models use the KG as an external retrieval source, either by incorporating retrieved363

triples, augmenting the prompt with symbolic paths, or integrating topology-aware context; and (3)364

LLM with Supporting Subgraph (LLM-SP). To assess performance under perfect retrieval, we include365

LLaMA2-7B and GPT-4o models that are directly given the associated supporting subgraph of the366

questions from the dataset construction process. These setups simulate perfect retrieval and help367

isolate the reasoning capabilities from retrieval effectiveness. See Appendix G for more details of368

baseline models.369

Results and Analysis. Table 2 summarizes the performance of all evaluated models across standard370

metrics under both EM and LASM protocols. We make the following key observations: (1) Even371

capable LLMs such as GPT-4.1 and recent KG-RAG models like GCR and PoG achieve only moderate372

performance on KGQAGen-10k, showing the non-trivial nature of the questions and the challenges373

they pose for current methods. (2) LASM consistently yields higher reported performance across all374

models over EM, indicating that many predictions marked incorrect under exact match are actually375

semantically correct. This highlights the importance of incorporating semantic-aware evaluation376

to more accurately assess QA performance. (3) Model capability strongly correlates with perfor-377

mance: larger and more recent LLMs such as GPT-4.1 substantially outperform smaller models378

like LLaMA2-7B, showing the importance of both knowledge coverage and reasoning ability. (4)379

KG-RAG models achieve noticeable gains over their corresponding LLM backbones. For example,380

RoG improves upon LLaMA2-7B by over 10 points, while GCR, ToG, and PoG outperform GPT-4o381

by approximately 4 points. These results confirm that incorporating external KG-derived context382

enhances QA performance. However, the overall improvement remains moderate, suggesting that383

retrieval components in current KG-RAG systems are still suboptimal and warrant further enhance-384

ment. (5) LLM-SP models—LLMs provided with the ground truth supporting subgraph—achieve385

the strongest performance by a substantial margin. For instance, LLaMA2-7B (w/ SP) reaches LASM386

accuracy 73.8%, outperforming not only its base model LLaMA2-7B but all other larger LLMs. Simi-387

larly, GPT-4o (w/ SP) sees its LASM accuracy rise from 54.2% to 84.9% compared with GPT-4o.388

These results highlight the key role of high-quality retrieval in KG-RAG systems and suggest that389

retrieval remains a major bottleneck limiting current KG-RAG systems.390

Cross-Dataset Comparison. To further contextualize the results, we evaluate representative KG-391

RAG models on two established KGQA benchmarks, WebQSP [73] and CWQ [58], in addition to392
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