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Abstract001

Despite the strong abilities, large language002
models (LLMs) still suffer from hallucinations003
and reliance on outdated knowledge, raising004
concerns in knowledge-intensive tasks. Graph-005
based retrieval-augmented generation (GRAG)006
enriches LLMs with knowledge by retrieving007
graphs leveraging relational evidence, but it008
faces two challenges: structure-coupled irrel-009
evant knowledge introduced by neighbor ex-010
pansion and structure-reasoning discrepancy011
between graph embeddings and LLM seman-012
tics. We propose Align-GRAG, an anchor-and-013
rationale guided refinement framework to ad-014
dress these challenges. It prompts an LLM015
to extract anchors and rationale chains, which016
provide intermediate supervision for (1) node-017
level alignment that identifies critical nodes018
and prunes noisy evidence, and (2) graph-019
level alignment that bridges graph and lan-020
guage semantic spaces via contrastive learn-021
ing. Extensive experiments on commonsense022
reasoning, scene graph understanding, and023
knowledge graph reasoning demonstrate con-024
sistent gains over 18 strong baselines, validat-025
ing the effectiveness of Align-GRAG for im-026
proving graph-grounded generation. The code027
can be found in https://anonymous.4open.028
science/r/Align-GRAG-F3D8/.029

1 Introduction030

Recent progress in large language models (LLMs)031

has highlighted their strong abilities in understand-032

ing, reasoning (Zhao et al., 2023; Xu et al., 2024a),033

and knowledge-intensive tasks (Zhu et al., 2023;034

AlKhamissi et al., 2022; Sui et al., 2025). Despite035

these advances, LLMs still raise reliability con-036

cerns, including hallucinations (producing false or037

misleading information) (Huang et al., 2023; Xu038

et al., 2024c) and reliance on outdated data (Fang039

et al., 2025). These issues are especially concern-040

ing in high-stakes fields such as healthcare (He041

et al., 2023) and law (Lai et al., 2024).042
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Figure 1: The challenges in graph RAG scenarios.

Retrieval-augmented generation (RAG) ad- 043

dresses these concerns by retrieving query-relevant 044

evidence from external databases and grounding 045

generation in a verifiable context, improving factu- 046

ality and robustness (Fan et al., 2024; Zhou et al., 047

2025). Nevertheless, in real-world scenarios, RAG 048

systems often divide long context into independent 049

chunks, overlooking the deeper connections be- 050

tween fragments and lacking a global perspective 051

(Guo et al., 2024). Moreover, many knowledge 052

sources are inherently graph-structured, including 053

recommendation systems (Wang et al., 2025), the 054

Web, and knowledge graphs (Pan et al., 2024). Mo- 055

tivated by this, graph-based RAG (GRAG) (Edge 056

et al., 2024; He et al., 2024; Tian et al., 2024; Sun 057

et al.) extends RAG by retrieving subgraphs rather 058

than isolated passages (He et al., 2024), preserving 059

correlations among multiple text units. 060

However, integrating RAG with graphs is non- 061

trivial, raising two GRAG-specific challenges, as 062

shown in Figure 1. (I) Structure-Coupled Ir- 063
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relevant Knowledge. To ensure multi-hop cov-064

erage, GRAG typically does expansions with re-065

trieved interconnected neighbors. While necessary,066

this process introduces “structure-coupled” noise–067

irrelevant nodes that are topologically close to the068

target but semantically unhelpful for the specific069

reasoning chain. Crucially, determining the utility070

of these nodes requires a holistic view of the reason-071

ing path rather than assessing local query similarity.072

Existing post-retrieval rerankers (Xiao et al., 2024;073

Li et al., 2023; Jia et al., 2024), designed for in-074

dependent text segments, fail in this context: by075

treating nodes or triples as isolated units, they sever076

the structural dependencies essential for judging077

reasoning-dependent relevance. As a result, current078

GRAG systems (Guo et al., 2024; Edge et al., 2024)079

lack a structure-aware post-retrieval refinement080

mechanism with sufficient semantic modeling. (II)081

Structure-Reasoning Discrepancy. Incorporating082

structure embeddings (e.g., from GNNs) is hin-083

dered by a representation gap: graph embeddings084

primarily capture structural signals, whereas LLMs085

operate over sequence semantics. This mismatch086

makes it difficult for LLM reasoning to reliably087

exploit graph structure, limiting graph-grounded088

generation (Liu et al., 2023; Zhao et al., 2022). Ex-089

isting GRAG methods either linearize graphs as090

text (Sun et al.; LUO et al.; Xu et al., 2025; Hu091

et al., 2022; Chen et al., 2024; Jiang et al., 2024)092

or incorporate graph encoders with simple concate-093

nation/projection (Tian et al., 2024; Perozzi et al.,094

2024; He et al., 2024); however, they typically lack095

an explicit objective that aligns structural repre-096

sentations with the semantics required for LLM097

reasoning. These research gaps present a question:098

How can we construct a compact yet
structure-preserving subgraph and learn aligned
graph representations for better LLM reasoning?

099

In this work, we propose Align-GRAG, a100

rationale-guided dual alignment framework tai-101

lored for GRAG. To tackle the two challenges102

above, we introduce a graph aligner as a pre-103

refinement module. Specifically, we leverage104

LLM with well-crafted prompts to extract ratio-105

nale chains and anchors that highlight key inter-106

mediate concepts. We then use these signals as107

supervision to optimize dual alignment: ♣ Node-108

level Alignment, which identifies and prioritizes109

reasoning-critical nodes/edges to prune structure-110

coupled irrelevant evidence; and ♠ Graph-level111

Alignment, which learns an aligned semantic space 112

between graph and language representations via 113

contrastive learning. Together, these components 114

yield a compact yet structure-preserving subgraph, 115

enabling the generator to produce more accurate 116

and context-aware responses grounded in relational 117

evidence. Extensive experiments are conducted on 118

GraphQA benchmark (He et al., 2024), covering 119

commonsense reasoning, scene graph understand- 120

ing, and knowledge graph reasoning tasks. The 121

results consistently outperform 18 strong baselines 122

and highlight the effectiveness of Align-GRAG. 123

2 Preliminaries 124

Textual Graph. A textual graph is a graph 125

where nodes and edges are enriched with tex- 126

tual information, capturing structural and seman- 127

tic details. A textual graph is defined as G = 128

(V, E , {tn}n∈V , {te}e∈E), where V and E are the 129

sets of nodes and edges. tn ∈ DLn represents the 130

text associated with a node n ∈ V , where D is 131

the vocabulary, and Ln is the length. Similarly, 132

te ∈ DLe is the text for edge e ∈ E with length Le. 133

Task Formulation. This work addresses RAG 134

with textual graph. The goal is to retrieve relevant 135

information from textual graphs and generate ac- 136

curate responses. Given a query tq, a sequence 137

of tokens from D, the model retrieves a subgraph 138

Gr = (Vr, Er) from G based on the semantic simi- 139

larity of tn, te with tq, where Vr ⊆ V and Er ⊆ E . 140

The retrieved nodes, edges, and texts are refined 141

to improve the input quality for the LLM. During 142

generation, the retrieved subgraph, query tq, and 143

prompt P are provided as input to the LLM, which 144

produces the final output Y , grounded in the re- 145

trieved knowledge and graph context. 146

3 Methodology 147

This section presents Align-GRAG (Figure 2), an 148

anchor-and-rationale guided refinement framework 149

for GRAG. Align-GRAG first extracts anchors con- 150

cepts and compact rationale chains with LLM, and 151

then uses them to guide a graph aligner that (i) per- 152

forms structure-aware pruning to remove irrelevant 153

evidence while preserving relational dependencies 154

and (ii) reduces the gap between graph and lan- 155

guage representations. 156

3.1 Anchor and Rationale Extraction 157

To optimize the Aligner module, we leverage an 158

explicit reasoning signal extracted for each query, 159
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Figure 2: Overview of Align-GRAG. We first extract a rationale chain and anchors with LLM. The rationale guides
graph-level alignment, while anchors supervise node-level alignment.

which is especially important for multi-hop ques-160

tions requiring intermediate steps. Inspired by161

Chain-of-Thought (Wei et al., 2022) and O1-style162

reasoning (Zhong et al., 2024), we propose an163

LLM-based extraction module that produces (i)164

a compact rationale chain and (ii) a small set of165

anchors.166

Specifically, given a question q and its answer,167

we first retrieve an initial subgraph (as elaborated168

in Appendix A). We then prompt a strong LLM169

to extract (i) a concise rationale chain that con-170

nects q to the supporting evidence and (ii) anchors,171

i.e., key intermediate entities/relations that can be172

grounded to graph nodes, from the retrieved sub-173

graph. For example, in Figure 10, for the query174

“What is the name of the first Harry Potter novel?”,175

the extracted rationale highlights J.K. Rowling176

as a critical intermediate concept, which serves as177

an anchor. These outputs support dual alignment:178

the anchors node-level alignment for structure-179

aware pruning, while rationale guides supervise180

graph-level alignment to better ground language181

representations to graph.182

3.2 Guided Dual Alignment183

Node-level Alignment. We propose an Aligner184

module that utilizes the extracted anchors to iden-185

tify and align relevant nodes within the graph, ef-186

fectively pruning redundant nodes and edges by187

filtering out unrelated information at the node level.188

Specifically, we employ a GNN (e.g., GraphTrans- 189

former (Shi et al., 2020) or GAT (Veličković et al., 190

2018)), to encode the structural information of the 191

graph. The GNN produces node-level embeddings 192

ng based on the input graph: 193

ng = GNN(G) ∈ R|V|×d, (1) 194

where |V| is the number of node and d is feature 195

dim. For the anchors, we employ SBERT to encode 196

the textual description into a embedding rs that 197

captures its semantic meaning: 198

rs = SBERT(tanchor) ∈ Rds . (2) 199

We concatenate the embedding of each node in 200

the subgraph with the query embedding. The con- 201

catenated embeddings are then passed through an 202

MLP module, which generates a predicted impor- 203

tance score for each node pprediction. These scores 204

are transformed into probability distributions using 205

the softmax function, which produces importance 206

scores for both the prediction and the anchor. 207

pprediction = Softmax(MLP([ng, q
expand])) ∈ R|V|,

(3)
208

panchor = Softmax(cos(nt, rs)) ∈ R|V|, (4) 209

where [, ] means concat operation, cos() means 210

cosine similarity, nt is text embedding of node, 211

qexpand is the query embedding broadcasted across 212
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all nodes. To align the node distribution, we mini-213

mize the Kullback–Leibler (KL) divergence (Kull-214

back and Leibler, 1951) between predicted proba-215

bilities pprediction and the probabilities panchor. The216

KL divergence loss for a subgraph is given by:217

LNA =
1

|V|

|V|∑
i=1

panchor(i) log
panchor(i)

pprediction(i)
. (5)218

Optimizing LNA enables effective alignment of rel-219

evant knowledge.220

Graph-level Alignment. To bridge the represen-221

tation gap between graph structures and textual222

descriptions, our Aligner module treats the text rep-223

resentation derived from rationale chains as the tar-224

get label, aligning the graph and text embeddings to225

encourage semantic consistency. We apply a mean226

pooling operation across the node embeddings ng227

to obtain a unified graph-level token rg:228

rg = POOL(ng) =
1

|V|
∑
v∈V

ng(v) ∈ Rd. (6)229

To unify the graph and text representations in a230

shared semantic space, we apply a contrastive loss231

with in-batch negative sampling. This loss encour-232

ages positive pairs (i.e., graph and text embeddings)233

to have higher similarity, while pushing apart non-234

matching pairs. Then, a shared-weight MLP layer235

is further designed to map rg and rs to dimension236

dt of LLM token embeddings:237

r̂s = MLP(rs), r̂g = MLP(rg). (7)238

The contrastive loss for graph-level alignment from239

r̂g to r̂s is defined as:240

LGA(r̂g→r̂s) = − 1

N

N∑
i=1

[
log

exp
(
cos(r̂i

g, r̂
i
s)/τ

)∑N
j=1 exp

(
cos(r̂i

g, r̂
j
s)/τ

)] ,

(8)241

where, N is the batch size, (r̂ig, r̂
i
s) is the i-th posi-242

tive (graph-text) pair in the batch, τ is a tempera-243

ture parameter to control the sharpness. Similarly,244

we can obtains the loss LGA(r̂s→r̂g) from r̂s to r̂g.245

The final representation alignment loss is obtained246

by:247

LGA =
1

2

(
LGA(r̂s→r̂g) + LGA(r̂g→r̂s)

)
. (9)248

To achieve an optimized Graph Aligner, we per-249

form joint optimization of node and graph Align-250

ment. The total loss for the Graph Aligner is de-251

fined as: LAligner = LGA + LNA. The parameters252

of GNN encoder are jointly optimized using the 253

loss LAligner with a specified training step, which 254

reflects degree of alignment. We evaluate the im- 255

pact of the alignment degree in Figure 3 and the 256

effectiveness in Section 4.5. 257

3.2.1 Graph Token and Pruning 258

We apply the trained Graph Aligner to obtain an 259

aligned graph representation token and a pruning 260

subgraph for generation. Note that gold answers 261

are only used to train the Aligner. 262

Encoding graph token. Given the retrieved sub- 263

graph, we leverage the Aligner to produce node 264

embeddings and a pooled graph token rg, which 265

is optimized by LAligner to be consistent with the 266

rationale-derived text space. 267

Structure-aware pruning. We then use the node- 268

level prediction scores to remove irrelevant evi- 269

dence. Specifically, we select the top nseed nodes 270

as seed nodes and expand them with their first-order 271

neighbors to form the pruned subgraph GAligner = 272

(VAligner, EAligner). 273

Finally, we concatenate the linearized text of 274

GAligner with the query tokens tq and feed them into 275

the LLM embedding layer to obtain token embed- 276

dings rt. We fuse rt with rg to condition answer 277

generation: 278

pθ(Y | tq,GAligner) =
m∏
i=1

pθ(yi | [rg, rt], y<i) . (10) 279

For efficiency, we fine-tune the generator with 280

parameter-efficient methods such as LoRA (Hu 281

et al., 2021). 282

4 Experiments 283

4.1 Experimental Settings 284

Datasets. Following G-Retriever (He et al., 285

2024), we conducted experiments on the GraphQA 286

benchmark (He et al., 2024), which includes Expla- 287

Graphs (commonsense reasoning), SceneGraphs 288

(scene graph understanding), and WebQSP (knowl- 289

edge graph reasoning). The dataset statistics are 290

summarized in Appendix B.1. 291

Baselines. We group baselines into four cat- 292

egories. (1) Inference-only methods leverage 293

frozen LLMs by taking textualized graph and query 294

as input, including Zero-shot, Zero-CoT (Wei 295

et al., 2022), CoT-BAG (Wang et al., 2024), KAP- 296

ING (Baek et al., 2023), and ToG (Sun et al.). 297
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Method ExplaGraphs SceneGraphs WebQSP
Accuracy↑ Accuracy↑ F1↑ Hit@1↑ Accuracy↑

Inference-only

Zero-shot‡ 0.5650 0.3974 - 0.4106 -
Zero-CoT‡ 0.5704 0.5260 - 0.5130 -
CoT-BAG‡ 0.5794 0.5680 - 0.3960 -
KAPING‡ 0.6227 0.4375 - 0.5264 -
ToG 0.7664± 0.0348 0.6194±0.0460 0.3014± 0.0245 0.5871± 0.0258 0.3719±0.0183

Raw Fine-tuning

Prompt tuning 0.5763±0.0243 0.6341±0.0024 0.2652±0.0049 0.4807±0.0055 0.2827±0.0073
LoRA 0.8538±0.0353 0.7862±0.0031 0.4445±0.0058 0.6505±0.0068 0.4479±0.0091

Reranker-based

GTE-base 0.8557±0.0144 0.8556±0.0095 0.5378±0.0044 0.7373±0.0064 0.5251±0.0052
GTE-large 0.8776±0.0095 0.8592±0.0074 0.5392±0.0013 0.7340±0.0044 0.5374±0.0038
BGE-reranker-base 0.8534±0.0159 0.8577±0.0029 0.5323±0.0052 0.7397±0.0012 0.5254±0.0010
BGE-reranker-large 0.8612±0.0184 0.8644±0.0060 0.5366±0.0045 0.7391±0.0093 0.5401±0.0077
G-RAG 0.8484±0.0174 0.8474±0.0147 0.5181±0.0023 0.7114±0.0113 0.5080±0.0041
G-RAG-RL 0.8478±0.0112 0.8509±0.0142 0.5291±0.0066 0.7167±0.0039 0.5185±0.0026

GNN-based

GraphToken‡ 0.8508± 0.0551 0.4903± 0.0105 - 0.5705±0.0074 -
GNP 0.8704±0.0034 0.8616±0.0096 0.5369±0.0049 0.7391±0.0100 0.5441±0.0046
G-Retriever†PT 0.8516±0.0092 0.8131±0.0162 0.4740±0.0049 0.6921±0.0099 0.4740±0.0033
G-Retriever†LoRA 0.8705±0.0329 0.8683±0.0072 0.5366±0.0031 0.7366±0.0049 0.5405±0.0031
GRAG†

PCST 0.8805±0.0050 0.8561±0.0052 0.5355±0.0049 0.7485±0.0104 0.5503±0.0035
Align-GRAG (Ours) 0.8992±0.0124 0.8804±0.0106 0.5445±0.0041 0.7626±0.0063 0.5700±0.0039
Improvement (△) +2.12%* +1.39% +1.68% +1.88%* +3.58%*

Table 1: Performance comparison using the same retrieval settings and generator for all methods. The table reports
the mean and standard deviation results across three random seeds. For methods marked with ‘†’, we reproduce the
results on WebQSP to report F1 and Accuracy. Results for methods marked with ‘‡’ are taken directly from He et al.
(2024). The best results are highlighted in bold, and the second-best results are underlined. ‘Improvement (△)’
represents the gain over second-best baseline. ‘*’ indicates statistically significant improvements (i.e., two-sided
t-test with p < 0.05) over second-best baseline. ↑: higher is better.

(2) Raw Fine-tuning adapts LLM via parameter-298

efficient tuning, covering Prompt Tuning (Lester299

et al., 2021) and LoRA (Hu et al., 2021). (3)300

Reranker-based baselines rerank retrieved doc-301

uments before feeding them into LLM, includ-302

ing GTE (Li et al., 2023), BGE (Xiao et al.,303

2024), G-RAG, and G-RAG-RL (Dong et al., 2024).304

(4) GNN-based approaches integrate GNN en-305

coders with LLM embeddings, including GraphTo-306

ken (Perozzi et al., 2024), GNP (Tian et al., 2024),307

G-Retriever (He et al., 2024), and GRAG (Hu et al.,308

2025).309

Implementation Details. We use GraphTrans-310

former (Shi et al., 2020), GAT (Veličković et al.,311

2018), and GCN (Kipf and Welling, 2016) as GNN312

encoders, and Llama-2-7b-hf, Llama-2-13b-hf and313

Llama-3.1-8b (Touvron et al., 2023) as generators.314

For the retrieval process, we use the same retrieval315

results across all baselines to ensure fair compar-316

isons. Both reranker-based and GNN-based meth-317

ods apply LoRA for fine-tuning. All methods are 318

compared using the same training hyperparameters 319

where applicable. In our module, we explore two 320

hyperparameters: alignment degree and the num- 321

ber of seed nodes (nseed), with the analysis shown 322

in Figure 9. To extract the anchor and rationale, 323

we employ Llama-3.1-70B-Instruct (Dubey et al., 324

2024). More details can be found in Appendix B. 325

4.2 Main Results 326

We conduct extensive experiments against 18 base- 327

lines, and Table 1 shows that Align-GRAG consis- 328

tently improves all metrics across three datasets, 329

with a particularly large Accuracy gain on We- 330

bQSP over the second-best method due to its 331

alignment-based graph pruning and optimization. 332

Compared with inference-only methods, which 333

rely purely on LLM reasoning (e.g., Zero-shot) 334

or heuristic KG search (e.g., ToG), Align-GRAG 335

benefits from task-aware structural optimization 336

and achieves clearly stronger results. Compared 337
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LLM Backbones Llama-2-7b-hf Llama-2-13b-hf Llama-3.1-8B Qwen3-8B

GNN Method ExplaGraphs WebQSP ExplaGraphs WebQSP ExplaGraphs WebQSP ExplaGraphs WebQSP
Accuracy↑ Hit@1↑ Accuracy↑ Hit@1↑ Accuracy↑ Hit@1↑ Accuracy↑ Hit@1↑

GT
GNP 0.8704 0.7391 0.8880 0.7696 0.8892 0.7557 0.8915 0.7602
G-Retriever 0.8705 0.7366 0.9115 0.7739 0.9014 0.7482 0.9088 0.7535
Align-GRAG 0.8992 0.7626 0.9241 0.7789 0.9321 0.7712 0.9365 0.7794

GAT
GNP 0.9061 0.7291 0.8989 0.7676 0.9062 0.7521 0.9104 0.7588
G-Retriever 0.7960 0.7414 0.8953 0.7737 0.9111 0.7719 0.9150 0.7760
Align-GRAG 0.9151 0.7309 0.9151 0.7573 0.9214 0.7742 0.9282 0.7815

GCN
GNP 0.7545 0.7298 0.8682 0.7564 0.8572 0.7495 0.8615 0.7530
G-Retriever 0.8592 0.7352 0.9007 0.7521 0.8512 0.7527 0.8588 0.7592
Align-GRAG 0.8574 0.7377 0.9152 0.7592 0.8596 0.7573 0.8695 0.7645

Table 2: Generalization Analysis on different LLM and GNN backbones.

with raw fine-tuning methods such as Prompt338

Tuning and LoRA, Align-GRAG further demon-339

strates that parameter-efficient adaptation alone is340

insufficient to fully exploit graph structure. Com-341

pared with reranker-based methods (e.g., gte-342

large and related variants), which mainly rerank343

nodes/triples and thus miss richer structural de-344

pendencies, Align-GRAG achieves superior perfor-345

mance by aligning graph reasoning with LLM-346

derived reasoning chains as the optimization tar-347

get. Compared with GNN-based methods (e.g.,348

G-Retriever and GNP), which inject graph embed-349

dings via projection or pooling but lack explicit350

graph–language alignment, Align-GRAG more ef-351

fectively bridges the two representation spaces and352

yields state-of-the-art performance.353

4.3 Generalization Analysis354

In this section, we evaluate whether Align-GRAG355

generalizes across both GNN architectures and356

LLM scales on ExplaGraphs (Accuracy) and We-357

bQSP (Hit@1). As summarized in Table 2, across358

three GNN backbones (GT, GAT, GCN) and multi-359

ple LLM families/sizes, Align-GRAG outperforms360

GNP and G-Retriever in the vast majority of con-361

figurations, indicating strong robustness to differ-362

ent encoder–reasoner pairings. The largest gains363

are observed with the GraphTransformer backbone,364

suggesting that its ability to capture long-range de-365

pendencies synergizes with Align-GRAG ’s align-366

ment objectives to improve retrieval and reasoning,367

while consistent improvements with GAT further368

show that alignment complements attention-based369

aggregation. Moreover, scaling up the LLM gener-370

ally boosts results—most notably with the weaker371

GCN encoder—implying that larger LLMs can bet-372

ter leverage aligned graph signals to compensate373

for limited graph expressivity. The consistent gains374

Method WebQSP
F1↑ Hit@1↑ Accuracy↑

Align-GRAG 0.5445 0.7626 0.5700
w/o Graph Alignment 0.5423 0.7578 0.5673
w/o Node Alignment 0.5344 0.7371 0.5339
w/o Both 0.5348 0.7328 0.5216
Random Alignment 0.4617 0.6861 0.4865

Table 3: Ablation study on different alignment strategy.

on both datasets confirm that Align-GRAG transfers 375

well across different settings. 376

4.4 Ablation Study 377

We conduct an ablation study on WebQSP with 378

three metrics to assess the contribution of each 379

module. As shown in Table 3, we consider four 380

variants: (1) w/o Node Alignment (removing the 381

KL loss and pruning), (2) w/o Graph Alignment 382

(removing the contrastive loss and graph token), (3) 383

w/o Both, and (4) Random Alignment (training 384

the aligner with random labels). Removing Node 385

Alignment causes the largest degradation across all 386

metrics, confirming the importance of node-level 387

alignment and pruning. Disabling Graph Align- 388

ment also reduces performance, and removing both 389

modules further amplifies the drop, underscoring 390

the necessity of dual alignment for suppressing 391

irrelevant knowledge and mitigating the graph lan- 392

guage representation gap. Finally, Random Align- 393

ment performs worst, indicating that effective align- 394

ment requires meaningful supervision; our LLM- 395

extracted anchor and rationale provide such a use- 396

ful signal. 397

4.5 Evaluation of Graph-level Alignment 398

In this section, we evaluate whether the aligner 399

can effectively bridge the representation gap? 400
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Figure 3: Graph-level Alignment Analysis: The cosine similarity score between graph embeddings and language
embeddings (aligned using the aligner module vs. the unaligned setting).
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Figure 4: Quantitative Comparison of Different anchor
and rationale Quality.

Specifically, we measure cosine similarity between401

graph embeddings (unaligned vs. aligned via our402

contrastive loss) and language embeddings of the403

query, rationale, and textualized graph on the test404

set; Figure 3 shows a clear upward trend in simi-405

larity as alignment proceeds, with aligned embed-406

dings consistently surpassing unaligned ones after407

sufficient training, indicating that the aligner ef-408

fectively narrows the graph–language representa-409

tion gap. Meanwhile, as discussed in Section C.2,410

the benefit saturates beyond a certain point, since411

overly strong alignment can distort original graph412

information and hurt accuracy.413

4.6 Quality Analysis414

We investigate whether the quality of extracted415

anchors and rationale directly affects QA416

performance. We compare Align-GRAG with417

No-evidence Extraction, where the LLM gen-418

erates anchors and a rationale chain using only the419

question (without accessing the retrieved subgraph420

evidence). As shown in Figure 4, Align-GRAG con-421

sistently performs better across datasets and met-422

rics. This gap indicates that evidence-grounded423

extraction produces more relevant and faithful su-424

pervision signals for both node- and graph-level425

Method # Tokens Infer Time Hit@1

No Pruning

Non-Retriever 100626.28 (387.02%) OOM -
BM25 2569.57 (99.72%) 17:24 min 0.4394
Contriever 2593.28 (100.01%) 17:37 min 0.4429
G-Retriever 2576.66 (100.00%) 17:28 min 0.4502

Node Pruning with Different Degree

Align-GRAG
nseed = 4 496.54 (19.27%) 3:31 min 0.4299↓
nseed = 6 698.54 (27.11%) 4:45 min 0.4527↑
nseed = 8 905.52 (35.14%) 6:55 min 0.4699↑
nseed = 10 1120.75 (43.50%) 8:27 min 0.4785↑
nseed = 15 1546.90 (60.04%) 11:50 min 0.4914↑

Table 4: Evaluation of Efficiency with and without node
pruning for inference time. ↑ indicates results better than
G-Retriever, while ↓ indicates worse results. (xx%) rep-
resents the percentage of tokens relative to G-Retriever.
OOM means out of memory.

alignment. In contrast, when extraction is de- 426

tached from graph evidence, the generated chains 427

are more prone to plausible-but-ungrounded rea- 428

soning, which weakens pruning and representation 429

alignment, ultimately harming QA. 430

4.7 Evaluating the Efficiency of Node Pruning 431

In this section, we evaluate the efficiency im- 432

provements brought by node pruning in Aligner 433

module. In an inference-only setting on WebQSP, 434

we compare retrieval variants (BM25, Contriever, 435

G-Retriever, and w/ Aligner with different seed- 436

node choices). To fully utilize resources and mem- 437

ory, we adjusted the batch size to be as large as 438

possible under different average token conditions. 439

For comparison, the BM25 and Contriever meth- 440

ods retrieve triples and ensure that the token con- 441

sumption is roughly similar to that of G-Retriever. 442

Table 4 shows that with a moderate number of 443

seed nodes, our pruning preserves core evidence 444

while removing redundant context—achieves per- 445

formance comparable to G-Retriever while only 446
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Figure 5: Evaluating Relevance and Faithfulness of
Reasoning Chain.

utilizing 27.11% tokens, whereas too few seeds447

can over-prune and hurt performance, and more448

seeds retain more useful knowledge to outperform449

G-Retriever in longer-context regimes, indicating450

that selective pruning improves both efficiency and451

effectiveness. Finally, under similar token budgets,452

BM25 and Contriever lag behind, suggesting that453

graph-aware retrieval better exploits relational con-454

nectivity.455

4.8 Evaluation of Relevance and Faithfulness456

We evaluate the extracted anchors and rationale457

chains for (i) relevance to the question answer con-458

text and (ii) faithfulness to the provided evidence,459

following an LLM-as-a-judge protocol (Gu et al.,460

2024). We employ GPT-4o, Gemini-2.5-Flash, and461

human annotators, and randomly sample 100 in-462

stances. The evaluation prompt is shown in Fig-463

ure 12, and the results are reported in Figure 5.464

Overall, the summaries demonstrate strong quality.465

Relevance reaches 90%/92%/92% and faithfulness466

reaches 87%/89%/90% under GPT-4o, Gemini, and467

human evaluation, respectively, indicating that the468

generated chains are largely aligned with the QA469

context while remaining grounded in the given evi-470

dence. The close agreement between LLM-based471

and human judgments further supports the reliabil-472

ity of the proposed evaluation.473

5 Related Work474

Retrieval-Augmented Generation (RAG) com-475

bines information retrieval to address issues like476

hallucination and outdated information (Gao et al.,477

2023; Zhou et al., 2025; Xu et al., 2024c). By478

integrating pre-retrieval (e.g., query rewriting), re-479

trieval, post-retrieval (e.g., reranking), and genera-480

tion (Fan et al., 2024; Fang et al., 2025), RAG (Sui481

et al., 2025; Zamani and Bendersky, 2024; Yang482

et al., 2024; Sudhi et al., 2024; Dong et al., 2024)483

improves the relevance of retrieved documents and484

enhances response reliability.485

Large Language Models on Graph. Graphs486

model relational data in various domains, and487

GNNs (Shi et al., 2020; Veličković et al., 2018; 488

Kipf and Welling, 2016) are effective for encoding 489

graph structures. Recent works integrate LLMs 490

with graph learning to enhance graph-based ACL 491

tasks (Huang et al., 2024a; Jin et al., 2024; Jiang 492

et al., 2025; Ren et al., 2024). Approaches range 493

from feeding graph tokens into LLMs (Tang et al., 494

2024; Perozzi et al., 2024; Chai et al., 2023) to 495

embedding graph neural layers within transformer 496

architectures (Qin et al., 2023; Zhu et al., 2024; 497

Huang et al., 2024b; Wang et al., 2025). 498

Graph RAG. Graph RAG incorporates graph- 499

structured knowledge to enhance retrieval and rea- 500

soning (Baek et al., 2023; Wang et al., 2024; Han 501

et al., 2024; Xu et al., 2024b). It utilizes graph 502

databases (Bollacker et al., 2008; Vrandečić and 503

Krötzsch, 2014) to retrieve triples or subgraphs 504

(Edge et al., 2024; Mavromatis and Karypis, 2024; 505

Hu et al., 2025; Wu et al., 2024). Techniques like 506

graph construction from text (Guo et al., 2024; 507

Fan et al., 2025) and GNN-based encoding (Liu 508

et al., 2025; Jiang et al., 2022; He et al., 2024; Tian 509

et al., 2024) enhance reasoning. Recent approaches 510

leverage LLMs for iterative reasoning over graphs 511

(Jiang et al., 2024; LUO et al.; Sun et al.; Chen 512

et al., 2024). While Graph RAG emphasizes re- 513

trieval, it often lacks robust post-retrieval strate- 514

gies. Our Align-GRAG introduces a dual alignment 515

mechanism to better link retriever and generator, 516

improving subgraph-query alignment. 517

6 Conclusion 518

In this paper, we study GRAG and identify two 519

key obstacles: (i) structure-coupled irrelevant ev- 520

idence introduced by subgraph expansion and (ii) 521

the structure-reasoning discrepancy between graph 522

encoders and LLM semantics. To address these 523

challenges, we propose Align-GRAG, an anchor- 524

and-rationale guided refinement framework. Ex- 525

periments on three challenge benchmarks show 526

consistent improvements over 18 strong baselines, 527

demonstrating the effectiveness of the proposed ap- 528

proach. In addition, Align-GRAG exhibits strong 529

generalization across diverse GNN architectures 530

and LLM backbones, indicating robust transferabil- 531

ity to different encoder–reasoner pairings. Notably, 532

the aligner’s structure-aware pruning substantially 533

reduces input tokens and inference time while main- 534

taining or even improving accuracy, highlighting 535

Align-GRAG as a practical refinement approach for 536

efficient graph-grounded generation. 537
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Limitations538

Despite the promising results demonstrated by539

Align-GRAG, this work has certain limitations.540

Due to resource constraints, we were unable to541

conduct experiments on larger LLMs, leaving the542

effectiveness of the proposed alignment approach543

on more powerful models uncertain. Additionally,544

since our method requires the generation and uti-545

lization of graph embeddings, it cannot be directly546

implemented on closed-source models, which re-547

stricts access to internal embedding representations.548

These limitations highlight potential areas for fu-549

ture exploration, such as validating the scalability550

of the approach with state-of-the-art LLMs and551

developing techniques to adapt Align-GRAG for552

closed-source environments.553

Ethical considerations554

Our method reduces hallucination by grounding555

generation in retrieved graph evidence, but it can556

still produce misleading answers if retrieval re-557

turns incomplete/noisy subgraphs or if extracted558

anchors/rationales are weakly grounded. Since the559

pipeline relies on LLMs for extraction and assess-560

ment, model biases and errors may propagate to561

both supervision and evaluation; therefore, outputs562

should be verified before use in high-stakes set-563

tings. What is more, we only use LLMs to polish564

the writing in this work.565

References566

Badr AlKhamissi, Millicent Li, Asli Celikyilmaz, Mona567
Diab, and Marjan Ghazvininejad. 2022. A review on568
language models as knowledge bases. arXiv preprint569
arXiv:2204.06031.570

Jinheon Baek, Alham Fikri Aji, and Amir Saffari. 2023.571
Knowledge-augmented language model prompting572
for zero-shot knowledge graph question answering.573
arXiv preprint arXiv:2306.04136.574

Daniel Bienstock, Michel X Goemans, David Simchi-575
Levi, and David Williamson. 1993. A note on the576
prize collecting traveling salesman problem. Mathe-577
matical programming, 59(1):413–420.578

Kurt Bollacker, Colin Evans, Praveen Paritosh, Tim579
Sturge, and Jamie Taylor. 2008. Freebase: a collabo-580
ratively created graph database for structuring human581
knowledge. In Proceedings of the 2008 ACM SIG-582
MOD international conference on Management of583
data, pages 1247–1250.584

Ziwei Chai, Tianjie Zhang, Liang Wu, Kaiqiao Han,585
Xiaohai Hu, Xuanwen Huang, and Yang Yang. 2023.586

Graphllm: Boosting graph reasoning ability of large 587
language model. arXiv preprint arXiv:2310.05845. 588

Liyi Chen, Panrong Tong, Zhongming Jin, Ying 589
Sun, Jieping Ye, and Hui Xiong. 2024. Plan-on- 590
graph: Self-correcting adaptive planning of large lan- 591
guage model on knowledge graphs. arXiv preprint 592
arXiv:2410.23875. 593

Jialin Dong, Bahare Fatemi, Bryan Perozzi, Lin F Yang, 594
and Anton Tsitsulin. 2024. Don’t forget to connect! 595
improving rag with graph-based reranking. arXiv 596
preprint arXiv:2405.18414. 597

Abhimanyu Dubey, Abhinav Jauhri, Abhinav Pandey, 598
Abhishek Kadian, Ahmad Al-Dahle, Aiesha Letman, 599
Akhil Mathur, Alan Schelten, Amy Yang, Angela 600
Fan, and 1 others. 2024. The llama 3 herd of models. 601
arXiv preprint arXiv:2407.21783. 602

Darren Edge, Ha Trinh, Newman Cheng, Joshua 603
Bradley, Alex Chao, Apurva Mody, Steven Truitt, 604
and Jonathan Larson. 2024. From local to global: A 605
graph rag approach to query-focused summarization. 606
arXiv preprint arXiv:2404.16130. 607

Tianyu Fan, Jingyuan Wang, Xubin Ren, and Chao 608
Huang. 2025. Minirag: Towards extremely sim- 609
ple retrieval-augmented generation. arXiv preprint 610
arXiv:2501.06713. 611

Wenqi Fan, Yujuan Ding, Liangbo Ning, Shijie Wang, 612
Hengyun Li, Dawei Yin, Tat-Seng Chua, and Qing 613
Li. 2024. A survey on rag meeting llms: Towards 614
retrieval-augmented large language models. In Pro- 615
ceedings of the 30th ACM SIGKDD Conference on 616
Knowledge Discovery and Data Mining, pages 6491– 617
6501. 618

Siyuan Fang, Kaijing Ma, Tianyu Zheng, Xeron Du, 619
Ningxuan Lu, Ge Zhang, and Qingkun Tang. 2025. 620
KARPA: A training-free method of adapting knowl- 621
edge graph as references for large language model’s 622
reasoning path aggregation. In Findings of the As- 623
sociation for Computational Linguistics: ACL 2025, 624
pages 24724–24746, Vienna, Austria. Association 625
for Computational Linguistics. 626

Yunfan Gao, Yun Xiong, Xinyu Gao, Kangxiang Jia, 627
Jinliu Pan, Yuxi Bi, Yi Dai, Jiawei Sun, and Haofen 628
Wang. 2023. Retrieval-augmented generation for 629
large language models: A survey. arXiv preprint 630
arXiv:2312.10997. 631

Jiawei Gu, Xuhui Jiang, Zhichao Shi, Hexiang Tan, 632
Xuehao Zhai, Chengjin Xu, Wei Li, Yinghan 633
Shen, Shengjie Ma, Honghao Liu, and 1 others. 634
2024. A survey on llm-as-a-judge. arXiv preprint 635
arXiv:2411.15594. 636

Zirui Guo, Lianghao Xia, Yanhua Yu, Tu Ao, and 637
Chao Huang. 2024. Lightrag: Simple and fast 638
retrieval-augmented generation. arXiv preprint 639
arXiv:2410.05779. 640

9

https://doi.org/10.18653/v1/2025.findings-acl.1269
https://doi.org/10.18653/v1/2025.findings-acl.1269
https://doi.org/10.18653/v1/2025.findings-acl.1269
https://doi.org/10.18653/v1/2025.findings-acl.1269
https://doi.org/10.18653/v1/2025.findings-acl.1269


Haoyu Han, Yu Wang, Harry Shomer, Kai Guo, Jiayuan641
Ding, Yongjia Lei, Mahantesh Halappanavar, Ryan A642
Rossi, Subhabrata Mukherjee, Xianfeng Tang, and 1643
others. 2024. Retrieval-augmented generation with644
graphs (graphrag). arXiv preprint arXiv:2501.00309.645

Kai He, Rui Mao, Qika Lin, Yucheng Ruan, Xiang Lan,646
Mengling Feng, and Erik Cambria. 2023. A survey647
of large language models for healthcare: from data,648
technology, and applications to accountability and649
ethics. arXiv preprint arXiv:2310.05694.650

Xiaoxin He, Yijun Tian, Yifei Sun, Nitesh V Chawla,651
Thomas Laurent, Yann LeCun, Xavier Bresson, and652
Bryan Hooi. 2024. G-retriever: Retrieval-augmented653
generation for textual graph understanding and ques-654
tion answering. arXiv preprint arXiv:2402.07630.655

Edward J Hu, Yelong Shen, Phillip Wallis, Zeyuan656
Allen-Zhu, Yuanzhi Li, Shean Wang, Lu Wang,657
and Weizhu Chen. 2021. Lora: Low-rank adap-658
tation of large language models. arXiv preprint659
arXiv:2106.09685.660

Xixin Hu, Xuan Wu, Yiheng Shu, and Yuzhong Qu.661
2022. Logical form generation via multi-task learn-662
ing for complex question answering over knowledge663
bases. In Proceedings of the 29th International Con-664
ference on Computational Linguistics, pages 1687–665
1696.666

Yuntong Hu, Zhihan Lei, Zheng Zhang, Bo Pan, Chen667
Ling, and Liang Zhao. 2025. GRAG: Graph retrieval-668
augmented generation. In Findings of the Association669
for Computational Linguistics: NAACL 2025, pages670
4145–4157, Albuquerque, New Mexico. Association671
for Computational Linguistics.672

Chao Huang, Xubin Ren, Jiabin Tang, Dawei Yin,673
and Nitesh Chawla. 2024a. Large language models674
for graphs: Progresses and directions. In Compan-675
ion Proceedings of the ACM Web Conference 2024,676
WWW ’24, page 1284–1287, New York, NY, USA.677
Association for Computing Machinery.678

Lei Huang, Weijiang Yu, Weitao Ma, Weihong Zhong,679
Zhangyin Feng, Haotian Wang, Qianglong Chen,680
Weihua Peng, Xiaocheng Feng, Bing Qin, and 1 oth-681
ers. 2023. A survey on hallucination in large lan-682
guage models: Principles, taxonomy, challenges, and683
open questions. ACM Transactions on Information684
Systems.685

Xuanwen Huang, Kaiqiao Han, Yang Yang, Dezheng686
Bao, Quanjin Tao, Ziwei Chai, and Qi Zhu. 2024b.687
Can gnn be good adapter for llms? In Proceedings of688
the ACM on Web Conference 2024, pages 893–904.689

Pengyue Jia, Derong Xu, Xiaopeng Li, Zhaocheng Du,690
Xiangyang Li, Xiangyu Zhao, Yichao Wang, Yuhao691
Wang, Huifeng Guo, and Ruiming Tang. 2024. Bridg-692
ing relevance and reasoning: Rationale distillation693
in retrieval-augmented generation. arXiv preprint694
arXiv:2412.08519.695

Jinhao Jiang, Kun Zhou, Wayne Xin Zhao, Yang Song, 696
Chen Zhu, Hengshu Zhu, and Ji-Rong Wen. 2024. 697
Kg-agent: An efficient autonomous agent framework 698
for complex reasoning over knowledge graph. arXiv 699
preprint arXiv:2402.11163. 700

Jinhao Jiang, Kun Zhou, Wayne Xin Zhao, and Ji-Rong 701
Wen. 2022. Unikgqa: Unified retrieval and reason- 702
ing for solving multi-hop question answering over 703
knowledge graph. arXiv preprint arXiv:2212.00959. 704

Xinke Jiang, Ruizhe Zhang, Yongxin Xu, Rihong Qiu, 705
Yue Fang, Zhiyuan Wang, Jinyi Tang, Hongxin Ding, 706
Xu Chu, Junfeng Zhao, and Yasha Wang. 2025. 707
HyKGE: A hypothesis knowledge graph enhanced 708
RAG framework for accurate and reliable medical 709
LLMs responses. In Proceedings of the 63rd An- 710
nual Meeting of the Association for Computational 711
Linguistics (Volume 1: Long Papers), pages 11836– 712
11856, Vienna, Austria. Association for Computa- 713
tional Linguistics. 714

Bowen Jin, Gang Liu, Chi Han, Meng Jiang, Heng Ji, 715
and Jiawei Han. 2024. Large language models on 716
graphs: A comprehensive survey. IEEE Transactions 717
on Knowledge and Data Engineering. 718

Thomas N Kipf and Max Welling. 2016. Semi- 719
supervised classification with graph convolutional 720
networks. arXiv preprint arXiv:1609.02907. 721

Solomon Kullback and Richard A Leibler. 1951. On 722
information and sufficiency. The annals of mathe- 723
matical statistics, 22(1):79–86. 724

Jinqi Lai, Wensheng Gan, Jiayang Wu, Zhenlian Qi, and 725
S Yu Philip. 2024. Large language models in law: A 726
survey. AI Open. 727

Brian Lester, Rami Al-Rfou, and Noah Constant. 2021. 728
The power of scale for parameter-efficient prompt 729
tuning. In Proceedings of the 2021 Conference on 730
Empirical Methods in Natural Language Processing, 731
pages 3045–3059. 732

Zehan Li, Xin Zhang, Yanzhao Zhang, Dingkun Long, 733
Pengjun Xie, and Meishan Zhang. 2023. Towards 734
general text embeddings with multi-stage contrastive 735
learning. arXiv preprint arXiv:2308.03281. 736

Runxuan Liu, Bei Luo, Jiaqi Li, Baoxin Wang, Ming 737
Liu, Dayong Wu, Shijin Wang, and Bing Qin. 2025. 738
Ontology-guided reverse thinking makes large lan- 739
guage models stronger on knowledge graph question 740
answering. In Proceedings of the 63rd Annual Meet- 741
ing of the Association for Computational Linguistics 742
(Volume 1: Long Papers), pages 15269–15284, Vi- 743
enna, Austria. Association for Computational Lin- 744
guistics. 745

Shengchao Liu, Weili Nie, Chengpeng Wang, Jiarui 746
Lu, Zhuoran Qiao, Ling Liu, Jian Tang, Chaowei 747
Xiao, and Animashree Anandkumar. 2023. Multi- 748
modal molecule structure–text model for text-based 749
retrieval and editing. Nature Machine Intelligence, 750
5(12):1447–1457. 751

10

https://doi.org/10.18653/v1/2025.findings-naacl.232
https://doi.org/10.18653/v1/2025.findings-naacl.232
https://doi.org/10.18653/v1/2025.findings-naacl.232
https://doi.org/10.1145/3589335.3641251
https://doi.org/10.1145/3589335.3641251
https://doi.org/10.1145/3589335.3641251
https://doi.org/10.18653/v1/2025.acl-long.580
https://doi.org/10.18653/v1/2025.acl-long.580
https://doi.org/10.18653/v1/2025.acl-long.580
https://doi.org/10.18653/v1/2025.acl-long.580
https://doi.org/10.18653/v1/2025.acl-long.580
https://doi.org/10.18653/v1/2025.acl-long.741
https://doi.org/10.18653/v1/2025.acl-long.741
https://doi.org/10.18653/v1/2025.acl-long.741
https://doi.org/10.18653/v1/2025.acl-long.741
https://doi.org/10.18653/v1/2025.acl-long.741


LINHAO LUO, Yuan-Fang Li, Reza Haf, and Shirui752
Pan. Reasoning on graphs: Faithful and interpretable753
large language model reasoning. In The Twelfth In-754
ternational Conference on Learning Representations.755

Costas Mavromatis and George Karypis. 2024. Gnn-756
rag: Graph neural retrieval for large language model757
reasoning. arXiv preprint arXiv:2405.20139.758

Shirui Pan, Linhao Luo, Yufei Wang, Chen Chen, Ji-759
apu Wang, and Xindong Wu. 2024. Unifying large760
language models and knowledge graphs: A roadmap.761
IEEE Transactions on Knowledge and Data Engi-762
neering.763

Bryan Perozzi, Bahare Fatemi, Dustin Zelle, Anton Tsit-764
sulin, Mehran Kazemi, Rami Al-Rfou, and Jonathan765
Halcrow. 2024. Let your graph do the talking: En-766
coding structured data for llms. arXiv preprint767
arXiv:2402.05862.768

Yijian Qin, Xin Wang, Ziwei Zhang, and Wenwu Zhu.769
2023. Disentangled representation learning with770
large language models for text-attributed graphs.771
arXiv preprint arXiv:2310.18152.772

Nils Reimers and Iryna Gurevych. 2020. Making773
monolingual sentence embeddings multilingual us-774
ing knowledge distillation. In Proceedings of the775
2020 Conference on Empirical Methods in Natural776
Language Processing. Association for Computational777
Linguistics.778

Xubin Ren, Jiabin Tang, Dawei Yin, Nitesh Chawla,779
and Chao Huang. 2024. A survey of large language780
models for graphs. In Proceedings of the 30th ACM781
SIGKDD Conference on Knowledge Discovery and782
Data Mining, pages 6616–6626.783

Yunsheng Shi, Zhengjie Huang, Shikun Feng, Hui784
Zhong, Wenjin Wang, and Yu Sun. 2020. Masked785
label prediction: Unified message passing model786
for semi-supervised classification. arXiv preprint787
arXiv:2009.03509.788

Viju Sudhi, Sinchana Ramakanth Bhat, Max Rudat, and789
Roman Teucher. 2024. Rag-ex: A generic frame-790
work for explaining retrieval augmented generation.791
In Proceedings of the 47th International ACM SI-792
GIR Conference on Research and Development in793
Information Retrieval, SIGIR ’24, page 2776–2780,794
New York, NY, USA. Association for Computing795
Machinery.796

Yuan Sui, Yufei He, Nian Liu, Xiaoxin He, Kun Wang,797
and Bryan Hooi. 2025. FiDeLiS: Faithful reason-798
ing in large language models for knowledge graph799
question answering. In Findings of the Association800
for Computational Linguistics: ACL 2025, pages801
8315–8330, Vienna, Austria. Association for Compu-802
tational Linguistics.803

Jiashuo Sun, Chengjin Xu, Lumingyuan Tang, Saizhuo804
Wang, Chen Lin, Yeyun Gong, Lionel Ni, Heung-805
Yeung Shum, and Jian Guo. Think-on-graph: Deep806
and responsible reasoning of large language model807

on knowledge graph. In The Twelfth International 808
Conference on Learning Representations. 809

Jiabin Tang, Yuhao Yang, Wei Wei, Lei Shi, Lixin Su, 810
Suqi Cheng, Dawei Yin, and Chao Huang. 2024. 811
Graphgpt: Graph instruction tuning for large lan- 812
guage models. In Proceedings of the 47th Interna- 813
tional ACM SIGIR Conference on Research and De- 814
velopment in Information Retrieval, pages 491–500. 815

Yijun Tian, Huan Song, Zichen Wang, Haozhu Wang, 816
Ziqing Hu, Fang Wang, Nitesh V Chawla, and Pan- 817
pan Xu. 2024. Graph neural prompting with large 818
language models. In Proceedings of the AAAI Con- 819
ference on Artificial Intelligence, volume 38, pages 820
19080–19088. 821

Hugo Touvron, Louis Martin, Kevin Stone, Peter Al- 822
bert, Amjad Almahairi, Yasmine Babaei, Nikolay 823
Bashlykov, Soumya Batra, Prajjwal Bhargava, Shruti 824
Bhosale, and 1 others. 2023. Llama 2: Open foun- 825
dation and fine-tuned chat models. arXiv preprint 826
arXiv:2307.09288. 827
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A Graph Retrieval931

Existing RAG methodologies are mainly designed932

for plain text documents or triplets, where infor-933

mation retrieval occurs independently of the graph934

structure (Fan et al., 2024; Zhu et al., 2023; Pan935

et al., 2024). In the retrieval stage, we first utilize936

an encoder-only language model (e.g., Sentence-937

BERT (Reimers and Gurevych, 2020)) to encode938

textual information, including the query tq, text of939

each node tn and edge te in the graph, respectively:940

q = SBERT(tq) ∈ Rd, (11)941

n = SBERT(tn) ∈ Rd, (12)942

e = SBERT(te) ∈ Rd (13)943

Then we compute cosine similarity sim(·) be-944

tween query embeddings q and embeddings of945

nodes n and edges e. The top-k nodes and edges946

are selected as the most relevant entities and rela-947

tions.948

Vk = arg topk
n∈V

(
sim(q,n)

)
, (14)949

Ek = arg topk
e∈E

(
sim(q, e)

)
(15)950

This forms top-k entities and relation sets, denoted951

as Gretriever. Inspired by He et al. (2024), we fur-952

ther leverage the Prize-Collecting Steiner Tree algo-953

rithm (PCST) (Bienstock et al., 1993) to maintain954

a controlled graph size.955

To achieve the PCST algorithm, we assign956

“prize” to nodes and edges based on their similarity957

to a given query. Relevance is determined through958

the ranked sets of cosine similarity, Vk and Ek, as959

follows:960

prize(n) =


k − i, if n ∈ Vk and n

is the i-th ranked node
0, otherwise

(16)961

where i is the rank of n in set Vk. Nodes that are962

not among top k rankings are assigned a prize of963

zero. The objective of the PCST algorithm is to964

identify a subgraph that maximizes the total prize965

of nodes and edges while minimizing the cost:966

Gretriever = argmax
S⊆G,

S is connected

( ∑
n∈VS

prize(n) (17)967

+
∑
e∈ES

prize(e)− cost(S)

)
.968

where VS and ES are the sets of nodes and edges 969

in the subgraph S, respectively. The cost of con- 970

structing the subgraph is defined as cost(S) = 971

|E| · Ce, where |E| is the number of edges, and 972

Ce is a predefined per-edge cost that serves as a 973

regularization parameter to control the subgraph’s 974

size. In this way, we can obtain a preliminary re- 975

trieved subgraph. 976

B Experimental Details 977

B.1 Datasets and Metrics. 978

Following G-Retriever (He et al., 2024), we 979

conducted experiments on the GraphQA bench- 980

mark (He et al., 2024), which includes Expla- 981

Graphs (commonsense reasoning), SceneGraphs 982

(scene graph understanding), and WebQSP (knowl- 983

edge graph reasoning). The dataset statistics 984

are summarized in Table 5, with a data split of 985

train:validation:test = 6:2:2. 986

• ExplaGraphs is a dataset designed for com- 987

monsense reasoning and focuses on generat- 988

ing explanation graphs to predict stances in 989

debates. It provides detailed, explicit, and 990

commonsense-enriched graphs to evaluate ar- 991

guments that either support or refute a given 992

stance. The primary task is to determine 993

whether an argument supports or opposes a 994

stance. 995

• SceneGraphs is a visual question answering 996

dataset. Each graph provides detailed descrip- 997

tions of objects, attributes, and relationships 998

within an image. It is designed for tasks 999

that involve spatial understanding and multi- 1000

step reasoning. The goal is to answer open- 1001

ended questions based on textual descriptions 1002

of scene graphs, with Accuracy used as the 1003

evaluation standard. 1004

• WebQSP is a large-scale, multi-hop knowl- 1005

edge graph question-answering dataset built 1006

on a subset of Freebase. It focuses on ques- 1007

tions requiring multi-hop reasoning and in- 1008

cludes facts within a two-hop neighborhood of 1009

the entities mentioned in the question. Since 1010

a single question may have multiple answers, 1011

the model’s performance is evaluated using 1012

F1, Hit@1, and Accuracy following Hu et al. 1013

(2025). 1014
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Dataset #Training #Validation #Test Task Type

ExplaGraphs 1,659 553 554 Commonsense reasoning
SceneGraphs 59,978 19,997 20,025 Visual scene understanding
WebQSP 2,826 245 1,628 Knowledge-based QA

Table 5: Statistics of GraphQA Benchmark (He et al., 2024).

B.2 Baselines.1015

To assess the effectiveness of our proposed method,1016

we compare it against four categories of baselines:1017

B.2.1 Inference-only.1018

This category includes approaches that employ1019

frozen LLMs for question answering, using textual1020

graph descriptions and queries as input. Different1021

prompt strategies are considered, including:1022

• Zero-shot: directly answering questions1023

based on retrieved information,1024

• Zero-CoT (Wei et al., 2022): enhances zero-1025

shot reasoning by appending the phrase “Let’s1026

think step by step.”, which encourages the1027

model to explicitly generate intermediate rea-1028

soning steps.1029

• CoT-BAG (Wang et al., 2024): adds “Let’s1030

construct a graph with the nodes and edges1031

first.” after providing the textual graph de-1032

scription,1033

• KAPING (Baek et al., 2023): augments1034

LLMs with knowledge graph facts at the1035

prompt level, enabling more accurate QA1036

without requiring model fine-tuning retriev-1037

ing relevant graph triples.1038

• ToG (Sun et al.): integrates LLMs with KGs1039

to support deep and reliable reasoning through1040

interactive exploration of entities and rela-1041

tions.1042

B.2.2 Raw Fine-tuning.1043

In this setting, following (He et al., 2024), we1044

fine-tune the LLM via parameter-efficient methods,1045

without applying advanced reranking techniques.1046

Two widely used approaches are included:1047

• Prompt Tuning (Lester et al., 2021): learns1048

a set of continuous prompt embeddings that1049

guide the frozen LLM during inference, en-1050

abling lightweight adaptation to specific tasks.1051

• LoRA (Hu et al., 2021): introduces low-rank 1052

adaptation layers into transformer weights, 1053

achieving efficient fine-tuning with signifi- 1054

cantly reduced computational and memory 1055

costs. 1056

B.2.3 Reranker-based. 1057

These baselines employ reranking models to refine 1058

the ranking of candidate documents before pass- 1059

ing them into the LLM. Representative methods 1060

include: 1061

• GTE (General Textual Embedding) (Li 1062

et al., 2023): developed by Alibaba DAMO 1063

Academy, with two variants (gte-base, 109M 1064

parameters; gte-large, 335M parameters), 1065

trained on large-scale relevance pairs to im- 1066

prove retrieval accuracy, 1067

• BGE (BAAI General Embedding) (Xiao et al., 1068

2024): cross-encoder models with two vari- 1069

ants (bge-reranker-base, 278M parameters; 1070

bge-reranker-large, 560M parameters), opti- 1071

mized for retrieval-augmented generation, of- 1072

fering high accuracy at the cost of efficiency, 1073

• G-RAG and G-RAG-RL (Dong et al., 2024): 1074

reranker models that leverage GNNs to in- 1075

corporate document connections and seman- 1076

tic cues from abstract meaning representation 1077

graphs for context-aware ranking. 1078

B.2.4 GNN-based. 1079

This category integrates GNN encoders with LLM 1080

embeddings to enhance graph reasoning, including: 1081

• GraphToken (Perozzi et al., 2024): encodes 1082

graph structures as explicit prompts for LLMs, 1083

improving performance on graph reasoning 1084

tasks, 1085

• GNP (Tian et al., 2024): a plug-and-play 1086

framework that applies a GNN encoder with 1087

cross-modality pooling to enrich LLMs with 1088

knowledge graph information, 1089
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• G-Retriever (He et al., 2024): introduces the1090

GraphQA benchmark and employs retrieval-1091

augmented generation with soft prompting,1092

improving graph-based question answering,1093

comprehension, and reducing hallucinations,1094

• GRAG (Hu et al., 2025): proposes a divide-1095

and-conquer strategy for efficient textual sub-1096

graph retrieval and combines text and graph1097

views within LLMs for graph context-aware1098

generation.1099

B.3 Implementation Details.1100

In this section, we further present the Implementa-1101

tion Details. To implement baselines, for GNP1102

(Tian et al., 2024), we implemented the Graph1103

Neural Prompting module within our framework,1104

including components such as the GNN encoder,1105

cross-modality pooling, and domain projector. For1106

G-RAG and G-RAG-RL (Dong et al., 2024), we1107

adopted their ranking approach, combining cross-1108

entropy loss with pairwise ranking loss. How-1109

ever, since treating documents as nodes was in-1110

feasible in our case, we instead treated entities1111

as nodes and employed the same GNN encoder1112

as our method. We implemented GTE (Li et al.,1113

2023) and BGE-reranker (Xiao et al., 2024) us-1114

ing their official open-source models. Nodes and1115

triples are ranked by query similarity and, as in1116

our method, fed into the LLM for generation. For1117

the GRAGPCST model (Hu et al., 2025), we repro-1118

duced its experiments. However, to ensure a fair1119

evaluation, we standardized the retrieval process by1120

using the PCST method for retrieval. This allowed1121

us to directly compare it with their graph encoder1122

approach. Table 6 summarizes the hyperparameter1123

settings for all datasets used in our experiments.1124

C Impact of Hyperparameters1125

In this section, we analyze how hyperparameters1126

affect performance, including: the Number of1127

Seed Nodes nseed, Align Degree (training step) and1128

Top K retrieval.1129

C.1 Impact of Seed Nodes1130

We analyze the impact of the number of seed1131

nodes (nseed) on model performance. The ex-1132

periments are conducted on the WebQSP dataset,1133

where we evaluate the Hit@1, F1 and Accuracy1134

metrics. From the experiments in Figure 6, we1135

observe that the Hit@1, F1 and Accuracy perfor-1136

mance peaks when the number of seed nodes is1137

Hyperparameter Value
Number of Seed Nodes 25
Align Degree (Step) 60
Top-K Retrieval 10
Batch Size 8
Max Epochs 20
Learning Rate 1× 10−5

GNN Layers 4
GNN Hidden Dim 1024
LoRA Rank 8
LoRA Alpha 16
LoRA Target Modules q_proj, v_proj

Table 6: Hyperparameter settings used in our experi-
ments.

set to 25. Beyond this point (from 25 to 30), the 1138

performance starts to decline. This indicates that 1139

including too many nodes introduces a significant 1140

amount of irrelevant knowledge, which negatively 1141

impacts the model. Our pruning strategy effec- 1142

tively eliminates irrelevant knowledge to enhance 1143

model performance. On the other hand, when the 1144

number of seed nodes is as low as 5, the perfor- 1145

mance is considerably poor. This suggests that ex- 1146

cessive pruning removes crucial knowledge, which 1147

is detrimental to performance. This highlights a 1148

trade-off: pruning reduces noise and improves per- 1149

formance, but over-pruning leads to the loss of 1150

essential knowledge. 1151

C.2 Impact of Align Degree 1152

This section examines how the Align Degree (num- 1153

ber of training steps for Aligner module) influences 1154

model performance. As shown in Figure 7, we 1155

evaluate the Hit@1, F1 and Accuracy metrics on 1156

the WebQSP dataset. From the experimental curve 1157

of Align Degree, we observe that the Hit@1, F1 1158

and Accuracy metrics peak at around 60 epochs be- 1159

fore declining. This indicates that, as training pro- 1160

gresses, bridging the representation gap between 1161

the graph and language helps the LLM better under- 1162

stand graph data. However, excessive training may 1163

lead to overfitting, which disrupts graph informa- 1164

tion and ultimately causes a drop in performance. 1165

This suggests that there is an optimal point in train- 1166

ing where the graph alignment is most effective, 1167

and training beyond this point can be detrimental. 1168
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Figure 6: Hyperparameters Analysis of the Number of seed nodes.
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Figure 7: Hyperparameters Analysis of Align degree.

C.3 Joint Impact of Seed Nodes and Align1169

Degree1170

To further investigate the interaction between the1171

number of seed nodes (nseed) and the Align De-1172

gree (aligner training steps), we report a two-1173

dimensional performance landscape in Figure 8.1174

Each heatmap cell corresponds to one hyperpa-1175

rameter pair (nseed,Align Degree), evaluated on1176

WebQSP using Accuracy, Hit@1, and F1. Over-1177

all, the three heatmaps exhibit a highly consistent1178

trend: performance is maximized in a moderate1179

regime, centered around nseed≈25 and Align De-1180

gree ≈60. When nseed is small (e.g., 5), all metrics1181

remain low across nearly all Align Degrees, indi-1182

cating that insufficient retrieved evidence cannot1183

be compensated by longer aligner training. In1184

contrast, when nseed becomes large (e.g., 30), the1185

performance degrades, and the degradation is more1186

pronounced under larger Align Degrees, suggest-1187

ing that excessive retrieved noise may be ampli-1188

fied by over-training the aligner and can eventually1189

harm the graph-language alignment quality. Sim-1190

ilarly, for a fixed nseed in the mid-to-high range,1191

increasing Align Degree improves results initially1192

but starts to decline after the peak region, matching1193

the overfitting pattern observed in the 1D analysis.1194

These results confirm that the best performance re-1195

quires balancing evidence coverage and noise con-1196

trol, where moderate nseed ensures adequate reason-1197

ing support while the aligner is trained sufficiently 1198

(but not excessively) to bridge the representation 1199

gap. 1200

C.4 Impact of Top K retrieval 1201

Figure 9 illustrates the impact of varying the Top K 1202

retrieval of entities and relations on model perfor- 1203

mance across Hit@1, F1 and Accuracy. By analyz- 1204

ing the trends in the graphs, we can derive insights 1205

into the effect of Top K on model performance. All 1206

three metrics show a similar trend: performance 1207

improves as K increases, peaks at K = 10, and 1208

then declines. This suggests that K = 10 strikes 1209

the optimal balance between retrieving relevant re- 1210

sults and avoiding noise. Smaller K values may 1211

miss relevant information, while larger K values 1212

dilute relevance, reducing precision and retrieval 1213

quality. These findings highlight the importance 1214

of selecting an appropriate K value to maximize 1215

performance in retrieval-based systems. 1216

D Case study 1217

In this case study, we investigate how summariza- 1218

tion enhances the discovery of critical intermediate 1219

nodes within anchors and rationales, as illustrated 1220

in Table reftab:summarization. Using well-crafted 1221

prompts in conjunction with a graph database, we 1222

show that concise, targeted summaries can sur- 1223

face pivotal entities—such as ‘J.K. Rowling’—that 1224
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Figure 8: Hyperparameter interaction heatmaps on WebQSP.
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Figure 9: Effect of Top K retrieval.

bridge the semantic gap between an initial query1225

and the final answer. Our analysis evaluates the ex-1226

tent to which summarization reliably extracts these1227

key connectors, thereby enabling coherent multi-1228

hop reasoning that would otherwise be obscured1229

within the raw graph structure. We further demon-1230

strate that, without the interpretive layer provided1231

by summarization, the underlying graph database1232

lacks the necessary contextual signals to assemble1233

the correct reasoning path end-to-end, underscor-1234

ing the value of summarization as a catalyst for1235

interpretable and effective knowledge retrieval.1236

E LLM Prompts1237

We introduce three prompts: the Extraction Prompt,1238

the Generator Prompt, and the Relevance and Faith-1239

fulness Prompt. Each serves a specific function1240

in enhancing the performance and evaluation of1241

LLMs. Below is a detailed explanation of their1242

purposes and applications, as illustrated in Figure1243

11, Figure 13, and Figure 12.1244

The Extraction Prompt is specifically designed1245

to generate a comprehensive and cohesive anchor1246

and rationale by synthesizing three key inputs: a1247

given question, its corresponding answer, and the 1248

relevant textualized graph data. The goal of this 1249

prompt is to create a logical connection between 1250

the question and the answer, while also integrat- 1251

ing information extracted from the provided graph 1252

data. This ensures the output not only answers the 1253

question but also demonstrates an understanding of 1254

the contextual relationships within the graph. By 1255

combining these elements, the prompt facilitates 1256

the generation of a rich, informative summary that 1257

serves as a bridge between structured and unstruc- 1258

tured data. 1259

The Relevance and Faithfulness Prompt is an 1260

evaluation-focused tool that serves two distinct but 1261

complementary purposes: 1262

• Relevance Evaluation: This component as- 1263

sesses whether the anchor and rationale pro- 1264

vided is relevant to the given question. A 1265

relevant anchor and rationale must contain 1266

information that contributes meaningfully to 1267

answering the question, even if the contribu- 1268

tion is partial. The model is required to return 1269

one of two labels: Relevant or Irrelevant, with 1270

no additional commentary. 1271
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Case Study of Extracted Rationale & Anchors

Extraction_Prompt
Question: what is the name of the first harry potter novel?
Answer: harry potter and the philosopher’s stone

Graph DataBase:

node_id,node_attr
0,harry potter and the chamber of secrets
1,harry potter and the philosopher's stone
3,j. k. rowling
7,harry potter and the half-blood prince
9,harry potter and the prisoner of azkaban
11,harry potter and the goblet of fire
16,harry potter
24,harry potter and the deathly hallows
57,fiction
59,harry potter literary series
76,professor severus snape
98,fantasy
......
src,edge_attr,dst
16,freebase.equivalent_topic.equivalent_domain,91
91,freebase.domain_profile.featured_views,806
199,book.written_work.subjects,455
59,book.book_subject.works,199
3,book.author.works_written,670
24,media_common.adapted_work.adaptations,46
59,book.book_subject.works,371
0,book.book.characters,325
24,book.book.genre,57
24,book.book_edition.book,24
9,book.book.genre,98
190,book.book_edition.book,24
1,book.book.genre,224
24,book.book_edition.book,24
7,book.book.genre,98
59,book.literary_series.fictional_universe,16
478,book.book_edition.book,24
......

Extracted Rationale:

• The question asks for the name of the first harry potter novel, and the graph includes a specific
book node labeled harry potter and the philosopher’s stone.

• The graph’s provided summary states that j. k. rowling wrote the first Harry Potter novel,
explicitly naming it as harry potter and the philosopher’s stone.

• Therefore, using the graph evidence, the first Harry Potter novel is harry potter and the
philosopher’s stone, matching the given answer.

Extracted Anchors:

• entity: harry potter and the philosopher’s stone

• entity: j. k. rowling

• relation: book.author.works_written

Figure 10: The case for extracting the anchors and rationales. The extracted rationale chain identifies the critical
intermediate node j. k. rowling and links it to the answer harry potter and the philosopher’s stone.
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Anchor and Rationale Extraction Prompt

You are a helpful assistant for anchor and rationale extraction from graph evidence.
Inputs: a question, its answer, and a textualized graph database (nodes/edges described in text).
Goal: extract (1) a rationale chain that links the question to the answer using graph evidence,
and (2) a small set of anchors (key intermediate entities/relations) that can be grounded to graph
nodes/edges.
Definitions:
• Rationale chain: an ordered list of short reasoning steps. Each step should mention the

evidence used and move closer to the answer.

• Anchors: reasoning-critical intermediate entities/relations that appear in the graph database
and are necessary for the reasoning.

Constraints:
• Use only information supported by the provided graph database and the given answer.

• Anchors must be verbatim spans from the graph database (copy exact surface forms).

• Keep each rationale step concise.
Output format (follow exactly):
1. RationaleChain: a numbered list of steps (3–6 steps).

2. Anchors: a bullet list of anchors. For each anchor, provide its type (entity or relation) and
the copied span.

Question: {question}
Answer: {Answer}
Graph DataBase: {Textualized Graph}
Now produce the output.

Figure 11: Prompt for anchor and rationale extraction.

• Faithfulness Evaluation: This component1272

measures the faithfulness of anchor and ra-1273

tionale in responding to the question, which1274

should accurately represent the information in1275

the context, avoid fabrications, and not contra-1276

dict the provided data. Similarly, the model1277

outputs one of two labels: Faithful or Not1278

Faithful. This dual evaluation ensures the gen-1279

erated responses are both accurate and contex-1280

tually grounded.1281

The Generator Prompt is tailored to the dataset1282

being used, with its structure varying depending1283

on the specific requirements of the dataset. For1284

WebQSP and SceneGraphs, the prompt focuses on1285

answering a question by leveraging the provided1286

textualized graph data. This encourages the model1287

to extract and synthesize relevant information from1288

graph representations to deliver a concise and accu-1289

rate response. For ExplaGraphs, the prompt shifts1290

its focus to reasoning. It requires the model to eval-1291

uate the relationship between two arguments (e.g.,1292

whether they support or counter each other), based1293

on the provided textualized graph data. The model 1294

outputs a single-word response, either support or 1295

counter, reflecting the nature of the relationship. 1296
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Relevance and Faithfulness Prompt

Evaluation of Relevance:
Evaluate the relevance of the anchor and rationale in answering the QUESTION. The relevant
anchor and rationale contain information that helps answer the question, even if partially. Return
one of the following labels: ’Relevant’, or ’Irrelevant’ without any additional response.
Evaluation of Faithfulness:
Evaluate the following anchor and rationale for faithfulness in answering the QUESTION. A
faithful response should include information that helps answer the question, even if partially, avoid
inventing new details, and not contradict the context. Return one of the following labels: ’Faithful’
or ’Not Faithful’ without any additional response.

Figure 12: Evaluation of Relevance and Faithfulness Prompt.

Generator Prompt

Prompt for WebQSP and SceneGraphs datasets:
Textualized Graph: {Textualized Graph}.
Please answer the given question. Question: {question}
Answer:
Prompt for ExplaGraphs dataset:
Textualized Graph: {Textualized Graph}.
Argument 1: {arg1}
Argument 2: {arg1}
Question: Do argument 1 and argument 2 support or counter each other? Answer in one word in
the form of ‘support’ or ‘counter’.
Answer:

Figure 13: Prompt for Generator.
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