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Abstract: As user queries grow increasingly complex, existing Retrieval-Augmented Generation (RAG) models tend to treat
questions as flattened token sequences during query processing, overlooking critical syntactic structure information and consequently
degrading their ability to handle complex queries. To address this issue, this paper proposes a syntax—aware GraphRAG framework.
The core innovation lies in incorporating dependency—based syntactic structures into the GraphRAG framework while employing
Low-Rank Adaptation (LLoRA) for efficient parameter adaptation. Specifically, prior linguistic features derived from dependency

syntax trees are injected into both the retrieval and generation phases of the framework; meanwhile, LoRA is employed to achieve
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efficient parameter adaptation and fine—tuning of the LLLaMA-3.1-8B-Instruct model. Experiments are conducted on two widely—

used datasets, QALD-h and DBpedia QA , and the results demonstrate that our proposed framework outperforms baseline models

across all key metrics. Ablation studies further confirm the performance gains brought by the incorporation of syntactic structures

and parameter—efficient fine-tuning.
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Fig.1 Diagram of the syntax—aware GraphRAG framework
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%

Model Dataset EM F1 BLEU-4 ROUGE-LL. MRR Hits@]l Hits@3 Hits@5
T5-RAG (full FT) QALD-h 45.8 63.9 21.7 44.5 52.3  41.1 58.0 65.3
GraphRAG (vanilla) QALD-h 47.2  65.8 22.9 46.1 54.7  43.3 60. 2 67.9
GraphRAG+Full FT QALD-h 50.3 68.5 24.2 48.6 57.1 46.7 63.9 70. 8
GraphRAG+LoRA QALD-h 52.9 71.0 26.5 50. 2 59.8 49.5 66. 2 72.4
GraphRAG +LoRA + Syntax Bias QALD-h 54.3 73.4 27.3 52.1 61.4 51.3 68.7 74.1
T5-RAG (full FT) DBpedia QA 56.4 62.7 28.1 45.9 60.2 53.8 65.6 71.4
GraphRAG (vanilla) DBpedia QA 57.9 64.5 29.0 47.2 61.8 55.4 67.9 73.2
GraphRAG+Full FT DBpedia QA 60.3 67.1 30.4 49.8 63.7 58.1 69.4 75.1
GraphRAG+LoRA DBpedia QA 61.1 68.2 32.0 51.0 65.3 59.7 70.6 76.5
GraphRAG+LoRA+Syntax Bias DBpedia QA 62.4  69.5 33.7 52.6 66.9 61.2 72.1 77.3
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Table 3 Comparison of EM scores across different models
and question types

%
dHE
Model FELH A K -
GraphRAG (vanilla) 52.4  61.2 37.6
GraphRAG+Full FT 55.9  63.8 42.1
GraphRAG+LoRA 57.1  65.0 45.8
GraphRAG+LoRA+Syntax Bias  59.2  67.1  50.3
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Table 4 Impact of LoORA rank on the number of

trainable parameters and QA performance

LoRA  Trainable QALD-h DBpedia

Rank(r) Params/10° F1/% EM/% F1/% EM/%
4 0. 66 68. 1 50. 2 66. 2 60. 3
8 1. 31 71.0 52.9 68. 2 61.1
16 2.63 71.5 53.2 68.7 61.6
32 5.25 71.7 53.5 68.9 61.8
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Table 5 Ablation study on the effect of different syntactic
strategies on QA performance

%
QALD-h DBpedia
Femg
F1 EM F1 EM
g6 AR B 71.0 52.9 68.2 61.1
e R ) e 2 72.1 53.7 68.8 61.8
SERARAT IR 73.4 54.3 69.5 62.4
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Table 6 Impact of syntactic attention head coverage on

model performance

%
QALD-h DBpedia
Syntax head coverage
F1 EM F1 EM
25% Heads 70.5 52.7 67.8 60.7
50% Heads 71.6 53.4 68.4 61.3
75% Heads 72.9 54.1 69.2 62.0
100% Heads 73.4 54.3 69.5 62.4
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