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A Details of Method893

In this section, we present a detailed description of the retrieval method used in GraphPack. We first894

introduce the selection of hyperparameters.895

Anchor Node Selection. In node classification tasks, the goal is to predict the category or label of896

a single target node based on its structural and semantic context within the graph. Since the focus is897

on a single node, selecting only one anchor node (top-k = 1) is sufficient to capture the most relevant898

local subgraph around the target node. This approach ensures that the retrieved subgraph is compact899

and focused, reducing noise while maintaining high precision.900

In graph question answering tasks, the query often involves reasoning about relationships between901

multiple nodes or entities. For example, determining whether two papers are co-cited or identifying902

the relationship between two knowledge entities requires considering multiple nodes simultaneously.903

By setting top-k = 3, we can retrieve a broader range of relevant nodes, which helps in capturing more904

diverse and interconnected information. This larger set of anchor nodes allows the model to explore905

richer structural patterns and improve its ability to answer complex queries that involve multi-hop906

reasoning.907

Maximum Hop Distance for Local Subgraph. This parameter controls the maximum number of908

hops from each anchor node when extracting the local subgraph. A larger value increases coverage909

but may also introduce irrelevant nodes. For node classification, we set n-hop to 1, and for QA tasks,910

we set it to 4.911

Knapsack Capacity C. This parameter defines the capacity of the knapsack constraint used during912

optimization, limiting the total structural cost of selected nodes and edges. By default, we set C to 20.913

The impact of varying knapsack capacities on performance is further explored in Section 4.3.914

Max Score. This parameter determines how rewards are assigned to elements within each subgraph.915

We set it to 5 by default.916

In the retrieval process, if the textual graph is a graph with both node and edge attributes, we treat917

nodes and edges as equally important elements. We assign rewards separately to the node set and918

the edge set. For each retrieved edge, we include both of its endpoint nodes in the subgraph node919

set. Subsequently, we incorporate all edges that involve any of the candidate nodes to form the final920

subgraph.921

B Related Work Extended922

B.1 Classification-based GraphLLM923

Also referred to as "LLMs as Prefix" or "LLMs as Enhancer", is a common approach that leverages924

prompting techniques to query LLMs for generating semantically rich auxiliary information—such as925

explanations, knowledge entities, and pseudo-labels—to enhance the training of GNN. For instance,926

TAPE [He et al., 2024a] employs customized prompts to query LLMs and generate predictions along927

with textual explanations for each node. OpenGraph [Xia et al., 2024] utilizes LLMs to synthesize928

nodes and edges, thereby alleviating the issue of sparse training data. LLM-GNN [Chen et al., 2024c]929

treats LLMs as annotators that produce node class predictions with confidence scores, which are then930

used to train GNN. LLMRec [Wei et al., 2024] enhances user-item interaction edges using LLMs,931

addressing the challenges of data sparsity and quality in graph-based recommendation systems.932

An alternative line of work directly uses the text embeddings generated by LLMs as initial node933

representations for GNN training. GALM [Xie et al., 2023] encodes node textual features using934

pre-trained language models and further pretrains them through unsupervised learning tasks such as935

link prediction. G-Prompt [Huang et al., 2023b] introduces a graph adapter at the end of a pre-trained936

language model to extract graph-aware node features. SimTeG [Duan et al., 2023] first applies937

parameter-efficient fine-tuning on the text embeddings obtained from LLMs for downstream tasks,938

and subsequently feeds the node embeddings into a GNN for inference. WalkLM [Tan et al., 2023]939

fine-tunes LLMs on textual sequences formed via random walks and extracts representations from940
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the LLMs. OFA [Liu et al., 2024a] harnesses the powerful capabilities of LLMs to unify the encoding941

of graph data from diverse sources, facilitating cross-domain learning.942

Despite the strong performance of classification-based GraphLLMs on TAG-style classification tasks,943

their inherent reliance on classification limits their applicability to more general knowledge-intensive944

graph tasks, particularly in question-answering scenarios. Moreover, these methods incur substantial945

computational costs when applied to large-scale datasets. Taking explanation-based approaches as an946

example, for a graph with N nodes, they require querying the LLM API N times.947

B.2 Graph Neural Networks948

GNNs have established themselves as a powerful framework for modeling and analyzing graph-949

structured data. [Kipf and Welling, 2016, Veličković et al., 2018, Hamilton et al., 2017, Yang et al.,950

2023] employ robust message passing and aggregation mechanisms to process graph data, achieving951

exemplary performance in tasks such as graph classification. Many efforts have also been made952

to adapt GNNs to the Knowledge Graph mining domain and achieved great success due to GNN’s953

efficiency and inductive learning capabilities [Zhu et al., 2022, Kong et al., 2023]. Despite these954

strengths, GNN face several limitations. They typically require task-specific heads or fine-tuning for955

downstream applications, which complicates multi-task scenarios and may lead to poor generalization956

[Ju et al., 2023]. Additionally, while GNN excel in classification tasks, the focus of current research957

is shifting towards addressing more complex user requirements [Yih et al., 2016, He et al., 2024b].958

These advanced tasks not only demand higher expressive power from models but also necessitate959

effective sharing and integration of information across multiple tasks. However, existing GNN960

designs often fall short in handling these complexities, thereby limiting their widespread adoption in961

real-world applications.962

C Details of Experiments963

In this section, we provide detailed settings for all experiments shown in the paper. The code964

for GraphPack can be found in the compressed file within the supplement. All experiments were965

fine-tuned using the llama-2-7b model.966

C.1 Experimental Settings967

We test the impact of GraphPack on the performance of LLMs across various scenarios. Specifically,968

we first evaluate GraphPack in the Supervised Fine-Tuning (SFT) setting. This ensures that our969

query-aware graph encoder can be fully preserved. For all datasets, we set the number of layers in the970

graph encoder to 4 and the hidden dimension to 1024, aligning it with the text encoder. The pooled971

graph embedding dimension is set to 4096, consistent with the dimensionality of the base model972

LLaMA2 that we use. Figure 13 illustrates the prompt design for SFT.973

To evaluate the generalization capability of our framework under zero-shot settings, we design two974

types of cross-domain and cross-task transfer experiments:975

Cross-Domain Generalization. In this setting, we train the model on one type of graph (e.g.,976

citation graphs such as Cora) and directly evaluate it on another type of graph (e.g., social networks977

such as Instagram), without any fine-tuning on the target domain. This setup assesses whether the978

model can generalize across different graph modalities and structures.979

Cross-Task Generalization. Here, the model is trained on one task formulation (e.g., QA-style980

prompts over knowledge graphs like CWQ) and tested on structurally similar graphs but with different981

user intents or textual templates (e.g., category prediction on WikiCS). This evaluates the model’s982

ability to adapt to new tasks by leveraging the structural and semantic knowledge learned during983

retrieval and modulation. Figure 14 illustrates the prompt design for zero-shot settings.984

C.2 Datasets985

Cora. The Cora dataset is a citation network consisting of research papers in the field of computer986

science and their citation relationships. In this dataset, each node represents a research paper, and the987
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Table 6: Statistics and training settings (first).
Dataset Cora Citeseer WikiCS Instagram Ogbn-arxiv

Domain Citation Citation Web link Social Citation
Graphs 1 1 1 1 1
Avg. #nodes 2,708 3,186 11,701 11,339 169,343
Avg. #edges 5,429 4,277 216,123 144,010 1,166,243
Metric Accuracy,F1 Accuracy,F1 Accuracy,F1 Accuracy,F1 Accuracy,F1

Epoch 20 20 10 10 3
Learning rate 1e-4 1e-4 1e-4 1e-4 1e-4

Table 7: Statistics and training settings (second).
Dataset WebQSP CWQ

Graphs 4,737 34,689
Avg. #nodes 1,370 1,255
Avg. #edges 4,252 4,001
Metric F1,Hit@1,Recall F1,Hit@1,Recall

Epoch 20 10
Learning rate 1e-5 1e-5

Table 8: Statistics and training settings (third).
Dataset MultihopQA MusiqueQA

# of Tokens 1,434,889 3,280,174
# of Questions 2,556 3,000
Metric Accuracy,Recall Accuracy,Recall

Epoch 5 5
Learning rate 1e-5 1e-5

original text features associated with each node include the title and abstract of the corresponding988

paper. An edge in the Cora dataset denotes a citation relationship between two papers. The label989

assigned to each node corresponds to the paper’s category. The original text data of the Cora dataset990

is sourced from the GitHub repository provided by [Chen et al., 2024b] and we use the same split as991

[Li et al., 2024].992

Citeseer. The Citeseer dataset is a citation network that contains research papers and their citation993

relationships within the field of computer science. Each node represents a research paper, and each994

edge denotes a citation relationship between two papers. The original text data of the Cora dataset is995

sourced from the GitHub repository provided by [Chen et al., 2024b]. We use the same split as [Li996

et al., 2024].997

WikiCS. The WikiCS dataset is a internet network in which each node represents a Wikipedia page,998

and each edge corresponds to a citation link between pages. The raw text associated with each node999

includes the name and content of the Wikipedia entry. The label assigned to each node corresponds1000

to the category of the entry. We use the same split as [Li et al., 2024] and the raw text data for the1001

WikiCS dataset was collected from [Kong et al., 2025].1002

Instagram. The Instagram dataset is a social network in which nodes represent users and edges1003

represent follow relationships. The raw text associated with each node includes the personal introduc-1004

tion of this user. Each node is labeled to indicate whether the user is commercial or normal. The raw1005

text data for the Instagram dataset was collected from [Huang et al., 2024]. We keep the same split as1006

[Li et al., 2024].1007

Ogbn-arxiv. The Ogbn-Arxiv dataset is a citation network consisting of research papers collected1008

from the Arxiv platform and their citation relationships. Each node represents a research paper, and1009

each edge denotes a citation relationship between two papers. The raw text data of the ogbn-arxiv1010

was collected using the same protocol as the GitHub repository provided in [Huang et al., 2023a].1011

The raw text data for the Ogbn-arxiv dataset was sourced from the GitHub repository provided in1012

[Kong et al., 2025]. We keep the same split as [Li et al., 2024].1013

WebQSP. The WebQSP dataset is a large-scale, multi-hop knowledge graph question answering1014

dataset containing 4,737 questions. This dataset, proposed by [Yih et al., 2016], builds upon the1015

work of [Luo et al., 2024], and uses a subset of Freebase that includes facts within a two-hop1016

neighborhood of the entities mentioned in the questions. The task involves answering questions that1017

require multi-hop reasoning.1018
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CWQ. The CWQ dataset is a new dataset for complex question answering, built upon the WebQSP1019

dataset. [Talmor and Berant, 2018] extracted SPARQL queries from WebQSP and automatically1020

generated more complex query patterns. Natural language questions were then created using Amazon1021

Mechanical Turk (AMT), resulting in a dataset of 34,689 question-answer pairs that require up to1022

four-hop reasoning.1023

MultihopQA. MultihopQ is a dataset composed of a knowledge base, a large number of multi-1024

hop queries, their ground-truth answers, and associated supporting evidence. [Tang and Yang,1025

2024] constructed the dataset by leveraging an English news article corpus as the underlying RAG1026

knowledge base. We use the code from [Zhou et al., 2025] to build the graph structure based on1027

entities and triples, in order to form the final graph question-answering format.1028

MusiqueQA. The MusiqueQA dataset [Trivedi et al., 2022] constructs multi-hop questions by1029

composing single-hop questions, effectively forming complex multi-hop questions as combinations1030

of simpler ones. This composition-based approach allows for better control over the quality and1031

structure of the generated multi-hop questions. MusiqueQA contains 25K questions with 2 to 4 hops,1032

built from seed questions sourced from five existing single-hop datasets. Similarly, we use the code1033

from [Zhou et al., 2025] to build a graph structure based on entities and triples, in order to form the1034

final graph question-answering format.1035

C.3 Baseline1036

In our comparative analysis, we benchmark our framework against two categories of state-of-the-art1037

models to ensure a comprehensive evaluation.1038

First, we compare our approach with GraphLLMs that demonstrate strong performance on specialized1039

tasks. These include the powerful graph benchmarking model OFA [Kong et al., 2025], InstructGLM1040

[Ye et al., 2024] and GraphText [Zhao et al., 2023] — which utilize natural language descriptions of1041

textual graphs — as well as GraphAdapter [Huang et al., 2024] and LLaGA[Chen et al., 2024a],1042

which are equipped with dedicated graph encoders.1043

Second, we compare our approach with graph retrieval-augmented generation methods that have1044

shown strong performance on GraphQA tasks. This comparison covers methods such as G-Retriever1045

[He et al., 2024b], which employs the Prize-Collecting Steiner Tree (PCST) algorithm for sub-1046

graph retrieval, and GRAG [Hu et al., 2025], which introduces a graph soft-pruning mechanism to1047

dynamically filter out irrelevant nodes and edges during reasoning.1048

D Further Details about Experiments1049

D.1 More Results for Overall Performance1050

Table 9: Statistics and training settings (third).

Model MultihopQA MusiqueQA
Accuracy Recall Accuracy Recall

Llama-2-7B 51.56 36.38 5.67 9.23
VanillaRAG 53.89 38.29 18.98 27.98
G-Retriever 44.17 45.41 8.56 13.27
GRAG 44.23 46.10 8.61 13.51

GraphPack 45.91 47.20 10.75 16.93

We also conduct experiments on multi-1051

hop question answering (QA) datasets.1052

Originally organized as text-based QA1053

pairs, these datasets are transformed1054

into graph-structured representations1055

to better align with our GraphRAG1056

framework. This transformation en-1057

ables the model to leverage graph rea-1058

soning capabilities to capture complex1059

multi-hop paths, thereby better sup-1060

porting QA tasks.1061

From the experimental results in Table1062

9, we observe that graph-based RAG1063

methods generally achieve higher accuracy than traditional Vanilla RAG approaches that rely solely1064

on textual passage retrieval. This indicates that, for tasks requiring multi-hop reasoning, graph1065

structures can more effectively model complex relationships between entities, thereby improving1066

both retrieval quality and generation performance.1067
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Furthermore, we observe that GraphPack consistently outperforms both G-Retriever and GRAG across1068

multiple QA datasets. We attribute this advantage to GraphPack’s subgraph retrieval mechanism.1069

Compared to other methods, GraphPack achieves a larger local receptive field, enabling it to retrieve1070

longer reasoning paths within the graph. This capability is particularly crucial for solving problems1071

involving indirect associations among multiple entities.1072

D.2 Discussion of Retrieval Strategy1073

Table 10: The impact of different subgraph strategies.

Model Cora Citeseer
Acc F1 Acc F1

1-Hop Subgraph 74.98 74.33 68.23 66.54
2-Hop Subgraph 74.78 74.42 68.38 66.13
GraphPack 76.40 75.45 69.95 67.59

We compared our approach with tradi-1074

tional n-hop subgraphs on node clas-1075

sification datasets. Specifically, we1076

replaced the subgraphs in GraphPack1077

with 1-hop and 2-hop subgraphs while1078

keeping other components unchanged,1079

as presented in the table 10. Simply1080

substituting the subgraphs in Graph-1081

Pack with n-hop subgraphs resulted in1082

a decline in performance. We attribute this performance degradation to the fact that n-hop subgraphs1083

do not incorporate semantic information, leading to excessive noise. Furthermore, in larger text graphs1084

such as Wikics, 2-hop subgraphs can scale up to 5,000 nodes. Therefore, we believe that GraphPack’s1085

subgraph retrieval strategy effectively balances performance while controlling computational costs.1086

D.3 Performance in Low-resource Zero-shot Setting1087

Table 11: Performance in Low-resource Setting.

Model WebQSP CWQ
F1 Hit@1 F1 Hit@1

Llama-2-7B 25.91 42.99 20.01 24.32
Mistral-7B 26.32 43.65 21.55 25.39
GraphPack 32.67 48.14 28.78 30.52

GraphPack exhibits robust zero-shot perfor-1088

mance, prompting us to conduct a deeper in-1089

vestigation into its adaptability in low-resource1090

scenarios. We focus on how well the framework1091

generalizes to unseen domains and tasks, aim-1092

ing to uncover the extent to which its structural1093

and semantic knowledge can be transferred ef-1094

fectively under limited supervision.1095

Specifically, we performed 5-shot training on1096

a citation graph node classification task (i.e., 51097

labeled samples per class), and tested the model on a graph question-answering dataset. This setting1098

assesses GraphPack’s ability to quickly adapt to a new domain under limited training data conditions.1099

As shown in Table 11, GraphPack outperforms fine-tuned Vanilla LLMs across all metrics on the graph1100

qa benchmark, demonstrating stronger cross-task generalization and data efficiency. These results val-1101

idate GraphPack’s capability to bootstrap effective structural learning even under sparse supervision.1102

D.4 Details of Ablation Study1103

Table 12: Performance in Low-resource Setting.

Model WebQSP CWQ
F1 Hit@1 F1 Hit@1

GraphPack 51.79 73.01 41.03 48.50
w/o Nodes Retrieval 49.73 71.28 39.62 47.02
w/o Edges Retrieval 48.97 69.55 39.21 46.54
w/o Query-LM 50.25 71.30 39.81 47.28
w/o GTR 51.48 72.56 40.40 47.97

In the ablation study, we systemati-1104

cally evaluate the contribution of each1105

key component in GraphPack by re-1106

moving them individually and mea-1107

suring the resulting performance drop.1108

As shown in Table 12, all components1109

— including node retrieval, edge re-1110

trieval, query-aware linear modulation1111

(Query-LM), and graph-to-text recon-1112

struction (GTR) in the knapsack op-1113

timization — play essential roles in1114

the overall effectiveness of the frame-1115

work. Specifically, the absence of edge retrieval leads to the worst performance degradation, which1116

we attribute to the more prominent role of edges in capturing local structural information. Moreover,1117

Query-LM brings significant performance improvements, indicating that integrating query features1118

into the message-passing process of the graph encoder helps it identify more relevant local structures1119
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Table 13: Prompts for tasks in the supervised fine-tuning setting.
Dataset Prompt
Cora This is a co-citation network focusing on artificial intelligence, nodes

represent academic papers and edges represent two papers are co-cited
by other papers. Here is a paper content: <paper content>. What is the
most likely paper category for the target paper?

Citeseer This is a citation network that contains research papers and their citation
relationships within the field of computer science. Each node represents
a research paper, and each edge denotes a citation relationship between
two papers. Here is a paper content: <paper content>. What is the most
likely paper category for the target paper?

WikiCS This is a Wikipedia graph focusing on computer science. Nodes rep-
resent Wikipedia terms and edges represent two terms have hyperlink.
Here is a Computer Science article: <entity content>. What is the most
likely category for this Wikipedia term?

Instagram This is a social network in which nodes represent users and edges
represent follow relationships. The raw text associated with each node
includes the personal introduction of this user. Here is a introduction
of the user: <user content>. Which category does the user belong to?

Ogbn-arxiv This is a citation network that contains research papers and their citation
relationships within the field of computer science. Each node represents
a research paper, and each edge denotes a citation relationship between
two papers. Here is a paper content: <paper content>. What is the most
likely paper category for the target paper?

WebQSP You are given a knowledge graph in the form of a structured textual
description and a user question. Your task is to use the information
from the graph to answer the question accurately.
Graph description: <graph description>
Guestion: <user query>
Based on the provided graph description, please answer the user’s
question directly and concisely.

CWQ You are given a knowledge graph in the form of a structured textual
description and a user question. Your task is to use the information
from the graph to answer the question accurately.
Graph description: <graph description>
Guestion: <user query>
Based on the provided graph description, please answer the user’s
question directly and concisely.

based on the query. These findings confirm that the components of GraphPack are complementary and1120

collectively contribute to its strong performance in knowledge-intensive, multi-hop graph reasoning1121

tasks.1122
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Table 14: Prompts for tasks in the zero-shot setting.
Dataset Prompt
Cora You are an expert in the field of graphs, equipped with strong structural

analysis capabilities. This is a co-citation network focusing on artificial
intelligence, nodes represent academic papers and edges represent two
papers are co-cited by other papers. Here is a paper content: <paper
content>. What is the most likely paper category for the target paper?
Choose the most probable answer from the provided list: {<label>}.
Please directly answer the category.

WikiCS You are an expert in the field of graphs, equipped with strong structural
analysis capabilities. This is a Wikipedia graph focusing on computer
science. Nodes represent Wikipedia terms and edges represent two
terms have hyperlink. Here is a Computer Science article: <entity
content>. What is the most likely category for this Wikipedia term?
Choose the most probable answer from the provided list: {<label>}.
Please directly answer the category.

Instagram You are an expert in the field of graphs, equipped with strong structural
analysis capabilities. This is a social network in which nodes represent
users and edges represent follow relationships. The raw text associated
with each node includes the personal introduction of this user. Here is
a introduction of the user: <user content>. Choose the most probable
answer from the provided list: {<label>}. Which category does the
user belong to? Please directly answer the category.

WebQSP You are an expert in the field of graphs, equipped with strong structural
analysis capabilities. You are given a knowledge graph in the form of a
structured textual description and a user question. Your task is to use
the information from the graph to answer the question accurately.
Graph description: <graph description>
Guestion: <user query>
Based on the provided graph description, please answer the user’s
question directly and concisely.

CWQ You are an expert in the field of graphs, equipped with strong structural
analysis capabilities. You are given a knowledge graph in the form of a
structured textual description and a user question. Your task is to use
the information from the graph to answer the question accurately.
Graph description: <graph description>
Guestion: <user query>
Based on the provided graph description, please answer the user’s
question directly and concisely.
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