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Abstract
Text-attributed graphs have recently garnered significant at-
tention due to their wide range of applications in web
domains. Existing methodologies employ word embedding
models for acquiring text representations as node features,
which are subsequently fed into Graph Neural Networks
(GNNs) for training. Recently, the advent of Large Lan-
guage Models (LLMs) has introduced their powerful capa-
bilities in information retrieval and text generation, which
can greatly enhance the text attributes of graph data. Further-
more, the acquisition and labeling of extensive datasets are
both costly and time-consuming endeavors. Consequently,
few-shot learning has emerged as a crucial problem in the
context of graph learning tasks. In order to tackle this chal-
lenge, we propose a lightweight paradigm called LLM4NG,
which adopts a plug-and-play approach to establish supervi-
sion signals by leveraging LLMs for node generation. Specif-
ically, we utilize LLMs to extract semantic information from
the labels and generate samples that belong to these cate-
gories as exemplars. Subsequently, we employ an edge pre-
dictor to capture the structural information inherent in the
raw dataset and integrate the newly generated samples into
the original graph. This approach harnesses LLMs for en-
hancing class-level information and seamlessly introduces la-
beled nodes and edges without modifying the raw dataset,
thereby facilitating the node classification task in few-shot
scenarios. Extensive experiments demonstrate the outstand-
ing performance of our proposed paradigm, particularly in
low-shot scenarios. For instance, in the 1-shot setting of the
ogbn-arxiv dataset, LLM4NG achieves a 76% improvement
over the baseline model.

Introduction
Text-Attributed Graphs (TAGs) are prevalent in a variety of
real-world scenarios, such as product networks, social net-
works, and citation networks (Yao, Mao, and Luo 2019;
Nguyen et al. 2020). In TAGs, nodes represent entities with
textual information and edges capture relationships between
entities. For example, amazon product network is one of the
web applications and in its review datasets (Ni, Li, and
McAuley 2019), each product can be represented as a node,
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featured with various text attributes, such as descriptions and
brands. By constructing edges between nodes based on user
purchase history, TAGs effectively capture the relationships
among different products. TAGs are a powerful representa-
tion of data that combines textual information with graph
structures. The utilization of TAGs empowers us to unlock
new discoveries across various domains, including recom-
mendation systems (Zhu et al. 2021) and fake news detec-
tion (Benamira et al. 2019).

Graph Neural Networks (GNNs) currently utilize graph
structure and node features to learn the representation of
nodes through message propagation strategies. Many GNNs
adopt a naive way to encode the textual information of nodes
in TAGs as non-contextualized shallow embeddings (Mi-
aschi and Dell’Orletta 2020) e.g., Bag-of-Words (Harris
1954) and TF-IDF (Salton and Buckley 1988) embeddings.
However, the resulting embeddings are unable to capture
polysemy and the semantic relationships between words.
Recent advancements in natural language processing (NLP)
have introduced contextualized word embeddings such as
BERT (Devlin et al. 2018) and Deberta (He et al. 2020).
In particular, Sentence-BERT (Reimers and Gurevych 2019)
performs better in sentence-level text representations. These
language models (LMs) capture the contextual information
of words and sentences, leading to more powerful repre-
sentations of text. There have been some GNNs that uti-
lize both LMs and GNNs for training, combining text fea-
tures and graph topology to obtain effective node represen-
tations (Zhao et al. 2022; Yang et al. 2021).

The emergence of Large Language Models (LLMs) like
GPT (Brown et al. 2020), Llama (Touvron et al. 2023) and
ChatGLM (Du et al. 2021), has made a significant impact
due to their powerful generative capabilities. These models
typically have a large number of parameters. They can ac-
quire rich linguistic knowledge and semantic representations
through training on large-scale corpora. LLMs use prompt
engineering to guide their generation and inference capabil-
ities, mining the extensive knowledge they have learned. As
a result, they exhibit exceptional performance across vari-
ous natural language processing tasks, including machine
translation, sentiment analysis, and contextual understand-
ing. Following their success, incorporating LLMs into vari-
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ous applications has received wide attention (Li et al. 2023;
Fan et al. 2023). In the field of GNNs, Chen et al. (2023)
and He et al. (2023) have made significant progress in ex-
ploring the potential of LLMs by enhancing node-level text
in different ways. However, such methods can lead to much
time consumption on large-scale graphs. This is because
constantly invoking LLMs for each node poses efficiency
challenges. Furthermore, in the few-shot learning scenarios,
the rich node features generated by LLMs could bring only
marginal performance improvement due to the scarcity of
labeled nodes. Consequently, it is necessary to propose a
method that ensures low consumption and is suitable for sce-
narios with extremely limited labeled data.

Intuitively, as the training set becomes larger, it may con-
tain more diverse information, which enables the models to
perform better. We expect to leverage LLMs to establish su-
pervision signals and enhance the training dataset in TAGs,
rather than performing data augmentation directly on the
nodes. In the field of graph learning, different datasets corre-
spond to various domains. For example, for social networks,
we need to know the relationship between user interests and
user characteristics, while for citation networks in computer
science, we need to know expertise in software, operating
systems, etc. Therefore, we need to utilize specific domain
knowledge to capture the relationship between samples and
labels. LLMs can be regarded as comprehensive “encyclope-
dias” that encompass domain-specific knowledge across var-
ious fields. We can exploit LLMs to provide robust support
for models in text-attributed graph learning, helping to es-
tablish supervision signals and thus enhance the model per-
formance.

Based on the above, we propose a plug-and-play,
lightweight paradigm named LLM4NG that leverages
LLMs for Node Generation. Specifically, the paradigm
mines label semantics through LLMs, generating diverse
samples from different classes to perform class-level aug-
mentation on the raw dataset, thereby obtaining supervision
signals to assist GNNs in downstream few-shot node clas-
sification tasks. We simply generate labeled samples from
LLMs and insert them into the raw dataset to train them to-
gether on any GNNs. In practice, when dealing with node
classification tasks in few-shot scenarios of a TAG, using
LLMs to generate samples presents two main challenges: 1)
How to generate diverse and meaningful labeled samples?
2) How to effectively integrate the generated samples with
the raw dataset? Firstly, we utilize prompt engineering tech-
niques to guide LLMs in mining semantic information from
labels and generate samples of different classes. The gener-
ated samples adhere to the textual format of nodes in the raw
dataset. In addition, we utilize different prompt statements
to explore the diversity of generated samples and analyze
how the quantity of generated samples and LLMs’ stochas-
ticity affect the quality of the generated samples. Secondly,
we train an edge predictor that uses the raw graph structure
as supervision signals to establish connections between the
generated nodes and nodes in the raw dataset. In this way, we
can seamlessly integrate the generated nodes into the topo-
logical structure of the raw dataset, extending the diversity
of the dataset and the size of the training set. By employing

these strategies, we can effectively address the challenges
mentioned above. Next, we can use any GNNs architecture,
taking the merged node features and topological structure as
input, to train and obtain classification results for the sam-
ples from the raw dataset. Using LLMs to generate nodes al-
lows for a certain degree of fault tolerance because the focus
is placed on the expertise embedded within the generated
samples rather than their authenticity. LLM4NG harnesses
LLMs to boost model performance. Finally, our contribu-
tions are as follows:
• We propose the use of LLMs for generating samples in

graph domain to augment the raw dataset and enrich the
training set. To the best of our knowledge, this is the first
to use LLMs for node generation. We also provide a new
solution for training GNNs in zero-shot scenarios, and it
demonstrates superior performance.

• Our proposed paradigm LLM4NG is plug-and-play, re-
quiring only class-level invocation of the LLM and
lightweight training on the structure, which can be com-
patible with any GNNs. Furthermore, we integrate the la-
beled data generated by LLMs into the raw dataset.

• Extensive experiments have shown that LLM4NG exhibits
remarkable performance. While keeping the model and
dataset unchanged, our paradigm significantly enhances
the model’s performance. Notably, in the 1-shot setting
of the ogbn-arxiv dataset, LLM4NG achieves a 76% im-
provement over the baseline model.

Related Work
Language Models on TAGs. When dealing with text-
attributed graph data, GNNs often adopt the approach of
processing text as shallow non-contextual representations.
However, language models have a better understanding of
contextual relationships and can express textual content
more effectively. Therefore, it becomes necessary to com-
bine language models with graph neural networks to ac-
complish downstream tasks. For example, GIANT (Chien
et al. 2021) extensively exploits the potential connections
between graph structure and node attributes. It utilizes graph
information to aid in feature extraction while fine-tuning
language models. Graphformer (Yang et al. 2021) nests
graph aggregation within Transformer blocks for text en-
coding, enabling a global understanding of the semantic
meaning of each node. Further, GLEM (Zhao et al. 2022)
trains graph neural networks and language models sepa-
rately within a variational Expectation-Maximization frame-
work, treating them as a process of knowledge distillation
that mutually reinforces each other. With the emergence of
LLMs, we can leverage more extensive knowledge and in-
formation. TAPE (He et al. 2023) utilizes LLMs to predict
the ranked classification list of each node and outputs the
corresponding explanations. Additionally, KEA (Chen et al.
2023) describes knowledge entities within the original text
of each node to complement the textual content of the nodes.
Although these methods have achieved some success, they
often come with high computational or invocation costs and
may not effectively address the challenges posed by few-
shot scenarios with insufficient supervision signals.
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Figure 1: The overall paradigm of LLM4NG.

Few-shot learning on Graphs. In the case of real-world
graphs, acquiring labels is a resource-intensive task, mak-
ing it a formidable challenge in few-shot scenarios. Some
methods adopt the paradigm of meta-learning to handle few-
shot problems on graphs (Wang et al. 2022b; Lan et al.
2020; Liu et al. 2021; Huang and Zitnik 2020; Liu et al.
2022). In this paper, we focus on the semi-supervised set-
ting, where each category has a few labeled samples. Self-
supervised learning methods on graphs learn node repre-
sentations through a pre-training task and fine-tuning for
classification results using a few labeled nodes (Wan et al.
2021a; Zhu et al. 2020; Veličković et al. 2018; Hafidi et al.
2020; Wang et al. 2017). For example, GRACE (Zhu et al.
2020) and GraphCL (Hafidi et al. 2020) construct differ-
ent views through data augmentation on graphs to bring
positive samples closer and push negative samples fur-
ther apart for learning node representations. Additionally,
DGI (Veličković et al. 2018) stands as the pioneering method
to introduce contrast between node-level embeddings and
graph-level embeddings. This innovation empowers graph
encoders to capture both local and global semantic infor-
mation. MVGRL (Hassani and Khasahmadi 2020) leverages
first-order neighbor subgraphs and graph diffusion to gen-
erate contrastive views. However, when labeled data is ex-
tremely scarce leading to insufficient supervision signals,
the model’s performance suffers. Several semi-supervised
methods have been proposed to enhance model performance

using limited labeled information. M3S (Sun, Lin, and Zhu
2020) combines self-training and deep clustering to expand
the training set by predicting high-confidence pseudo-labels.
CGPN (Wan et al. 2021b) establishes a variational inference
framework for Graph Poisson Network (GPN) and GNN
models, and integrates contrastive learning to propagate lim-
ited label information over the entire graph. Meta-PN (Ding
et al. 2022) generates high-quality pseudo-labels through
meta-learning strategies to effectively enhance sparse label
data. These methods leverage the information of the raw
dataset to establish high-confidence pseudo-labels. The ad-
vent of LLMs provides us with a novel approach to address
few-shot problem. We can harness these LLMs to unearth
domain knowledge and generate extra supervision signals.

Preliminary

Text-Attributed Graphs. A Text-Attributed Graph (TAG)
is defined as GS = (V , E ,SV), where V represents a set of
nodes and E ⊆ V × V represents a set of edges. Each node
vi ∈ V is associated with a sequential text si ∈ SV and
the corresponding label yi. Each label has a real label text
c (e.g., ‘Machine Learning’ or ‘Databases’) from the set of
all label texts C. The corresponding adjacency matrix of the
graph GS is denoted by A. For simplicity, we set Aij = 1 if
e(vi, vj) ∈ E ; 0, otherwise.
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Few-shot Node Classification. In this paper, we focus on
zero- and few-shot node classification, which is one of the
most challenging and cutting-edge problems in the field of
graph learning. Unlike the few-shot problem in the meta-
learning paradigm, in our setting, each class has K labeled
samples. Given the labeled K × |C| samples, our goal is
to predict unlabeled samples in the test set, referred to as
K-shot classification. Specifically, zero-shot classification
means that there is no labeled sample.

Graph Neural Network Architecture GNNs leverage in-
put graph as the computation graph, aggregating information
from a node’s neighbors, then updating node representation.
Formally, suppose h(l)

vi is the representation of node vi at the
l-th GNN layer, the updating procedure is:

h(l)
vi = Agg

∀vj∈N (vi),∀e∈E(vi,vj)

(
{Prop(h(l−1)

vi ;h(l−1)
vj , e)}

)
(1)

where N (vi) denotes the set of neighbors of node vi and
E(vi, vj) denotes the set of edges connected from node vj to
node vi. Agg(·) and Prop (·) are the two functions in GNNs.
Prop(·) represents the propagation of node information. It
uses the target node’s representation h

(l−1)
vi and the edge e

between the two nodes as query, and propagates the informa-
tion h

(l−1)
vj of the source node to the target node vi. Agg(·)

is a differentiable function (e.g., sum, mean, etc.) that aggre-
gates the representations of a node’s neighbors.

The Proposed Paradigm
This section introduces details of our proposed
paradigm LLM4NG. The general model diagram is
shown in Figure 1. We guide LLM through prompt state-
ments to generate some samples with labels and input these
generated samples into LM together with the text in the
raw dataset to obtain node representations. Subsequently,
we perform supervised learning using the raw graph. We
utilize the existing edges as supervision signals and input
node embeddings to train the edge predictor. After training,
we can utilize the embeddings to predict edges between
nodes in the raw dataset and generated nodes. The newly
generated nodes, along with their structural information,
can be integrated into the original dataset. Finally, we can
train the entire dataset using any GNNs and obtain results
for node classification.

Sample Generation from LLM
When dealing with node classification tasks of a TAG in
few-shot scenarios, we lack sufficient supervision signals to
make accurate predictions. To address this, we can leverage
the textual information within the set of label texts C to ex-
plore the semantics embedded in LLMs and generate M rel-
evant sample instances for each label. We generate a total of
M × |C| samples, M × |C| ≪ |V|, which is less costly com-
pared to node-level augmentation. Specifically, we denote
c as one of the label texts. Prompt(c) denotes the prompt
statement containing the label text c. We feed it into LLM
and then get the generated text sg:

sg = LLM(Prompt(c)), c ∈ C (2)

The text generated by LLM is based on the knowledge
learned from the training corpora. It contains both sam-
ples that actually exist in the real world and pseudo-samples
that the model creates internally by permutating the knowl-
edge. Although those pseudo-samples do not exist in reality,
they are still reliable because our goal is to capture domain
knowledge tied to the label. For instance, when performing
interest classification of users in a social network, for the
label “sports”, we can generate user profiles of individuals
who are interested in basketball or soccer. Although these
users do not actually exist, we can still uncover domain-
specific information and capture the information that bas-
ketball and soccer related to the “sports” category.

Node Representation Initialization with LM
After generating new samples, we treat each of them as a
new node gi on the TAG. Inspired by (Chen et al. 2023),
deep sentence embeddings with GNNs have emerged as
a powerful baseline compared to non-contextualized shal-
low embeddings. Moreover, sentence embedding models of-
fer a lightweight approach to get representations without
fine-tuning. Therefore, we adopt sentence embedding mod-
els to extract information from the text such as Sentence-
BERT (Reimers and Gurevych 2019) and e5-large (Wang
et al. 2022a).

hvi = LM(svi), hgi = LM(sgi), (3)

where svi and sgi denote the text of the raw dataset samples
and the newly generated sample, respectively. hvi and hgi
denote the corresponding representations of these samples.
We denote Hn = Hv∪Hg as the representation of all nodes.

Edge Predictor
Next, we insert new nodes into the raw graph to estab-
lish connections between newly generated nodes gi and the
raw nodes vj . Edges play a role in message passing in the
paradigm of GNNs, and new nodes with labels need to prop-
agate supervision signals to other nodes without labels. We
aim to ensure that unlabeled nodes receive as much relevant
information from similar samples as possible to assist down-
stream classification tasks.

We consider this problem from two perspectives. First, we
perform a coarse screening of potential edges between new
nodes and raw nodes. To achieve this, we filter irrelevant
edges by the cosine similarity of the representations in the
latent space.

e(hgi , hvj
) ∈ EP , if sim(hgi , hvj

) = hgih
T
vj

> δ (4)

where δ as a hyper-parameter represents the similarity
threshold. We add edges that have larger similarity weights
than δ to the edge prediction set EP .

However, relying solely on node similarity to determine
edge existence is too simple. It is also expected the newly
added edges share high similarity with raw edges in the
graph. To achieve this goal, we use the edges in the raw
graph as supervision signals and construct an edge predictor
for the link prediction task. Specifically, we create a binary
classification task where the training set is constructed from
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the raw graph, and the test set is the edge prediction set EP .
We take raw edges in the graph as positive samples while
randomly sampling an equal number of non-existent edges
as negative samples:

ye(hvi
, hvj

) =

{
1 if e(hvi

, hvj
) ∈ E

0 if e(hvi , hvj ) /∈ E
(5)

Then, we concatenate the representations of two-end nodes
in each edge and feed them into a multi-layer perceptron
(MLP) to obtain the probability of edge existence ŷe.

ŷe(hvi
, hvj

) = MLP(hvi
||hvj

) (6)

Finally, we treat ye as ground truth and use the Cross-
Entropy loss as the objective function. After training the
edge predictor, we input the node pairs from the test set into
the model to obtain the edge probabilities for the node pairs
in the test set. We then select the top-k edges with the highest
probabilities and add them to the raw graph. This integrates
the newly added nodes with the raw graph.

LLM4NG
Finally, we derive the new adjacency matrix An and the node
representations Hn, which are then fed into any GNNs along
with the set of labeled nodes YL (a total of (K + M) ∗ |C|
samples) to output the classification results Yn:

Yn = GNN(An, Hn,YL). (7)

The proposed paradigm LLM4NG utilizes LLMs to mine se-
mantic information of labels in few-shot scenarios, enabling
sample generation and the establishment of supervision sig-
nals. Subsequently, we employ a simple model Edge Predic-
tor to obtain additional structural information. Our proposed
approach is lightweight, which allows us to facilitate node
classification in few-shot scenarios by simply adding labeled
nodes and edges without altering the raw dataset.

Experiments
Datasets and Baselines
To evaluate the performance of LLM4NG, we employ three
citation network datasets: Cora (McCallum et al. 2000),
Pubmed (Sen et al. 2008), and ogbn-arxiv (Hu et al. 2020).
Detailed descriptions and statistics on these datasets are pro-
vided in Supplement S1.1. We also compare LLM4NG with
9 other SOTA baselines, which can be categorized into four
groups:
• [Classical base models]: GCN (Kipf and Welling 2016)
and GAT (Veličković et al. 2017) are common benchmark
models in graph learning for node-level representation.
• [Graph self-supervised models]: DGI (Veličković et al.
2018), MVGRL (Hassani and Khasahmadi 2020), and
GRACE (Zhu et al. 2020) are prominent benchmark ap-
proaches in graph neural networks for self-supervised learn-
ing tasks.
• [Traditional graph data augmentation methods]:
Mixup (Wang et al. 2021) and DropEdge (Rong et al. 2019)
are classic methods for augmenting graph data.

• [Graph models in few-shot scenarios]: CGPN (Wan et al.
2021b) and Meta-PN (Ding et al. 2022) are proposed for
few-shot scenarios.

When running GCN and GAT, we execute the features
built into PyG (Fey and Lenssen 2019) and the sentence em-
beddings obtained from LM each once. Further, for more
details on the dataset and baseline, see Appendix A.

Experimental Settings
In LLM4NG, we adopt Sentence-BERT (Reimers and
Gurevych 2019) (MiniLM) as LM to obtain sentence em-
beddings. As for LLM, we use ChatGPT (Brown et al. 2020)
(i.e., “gpt-3.5-turbo”) and a basic form of prompt in Table S2
of Supplement S2 to generate samples. We set the number of
generated samples per class M to be 10 across all datasets.
The similarity threshold δ is chosen from 0.1 to 0.8 with step
size 0.1. Regarding the selection of top-k node pairs in the
set of edge prediction set EP , we fine-tune the values k to
be 1×, 5×, 10×, 30×, 50×, 70×, 100×, and 200× of the
number of generated samples M |C|. We use the integrated
new graph as input data and conduct experiments on dif-
ferent shot scenarios using two backbone models, GCN and
GAT, to verify the effectiveness of our proposed paradigm.
The notation “w/o A” indicates the absence of an edge pre-
dictor module, meaning that the generated labeled samples
are treated as isolated points during model training. For fair
comparison, we report the average results on the test set with
standard deviations of 5 runs for all experiments. We run all
the experiments on a server with 32G memory and a sin-
gle Tesla V100 GPU. We provide our code and data here:
https://github.com/jianxiangyu/LLM4NG

Due to the space limitation, we move the experimen-
tal setup (Appendix A.3), case study of different prompt
statements (Appendix B), hyperparameter analysis (Ap-
pendix C), and instances of generating samples using LLMs
(Appendix D) to the appendix.

Performance Comparison
We perform zero- and few-shot node classification on TAGs.
We construct a K-shot training set, where each class in-
cludes K samples, with K values chosen from the set
{0, 1, 2, 3, 4, 5, 10}. For Cora and PubMed, we randomly
sample K × |C| nodes from all the nodes as the training
set. From the remaining nodes, we randomly select 500
nodes as the validation set and 1000 nodes as the test set.
For ogbn-arxiv, we follow its original partitioning, but we
reduce the size of the training set to the K-shot setting
as specified. The results are reported in Table 1, 2 and 3.
From the tables, we have the following observations: (1) In
all cases, LLM4NG has demonstrated exceptional perfor-
mance, particularly in low-shot scenarios. For example, on
the ogbn-arxiv dataset, the accuracy of LLM4NG achieves
56.83% in the 1-shot setting, while the runner-up method
achieves only 31.42%. We have achieved a remarkable im-
provement of 76% over the baseline model. Furthermore,
our proposed paradigm LLM4NG has significant enhance-
ments on both GCN and GAT backbone models. These re-
sults indicate that the supervision signals provided by the
generated samples are particularly helpful to the model.
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Methods 0-shot 1-shot 2-shot 3-shot 4-shot 5-shot 10-shot
GCN(Pyg) - 60.32(4.12) 64.86(5.83) 68.30(4.81) 71.94(1.85) 75.74(1.81) 78.16(2.57)

GCN(MiniLM) - 64.26(6.22) 69.28(5.56) 74.02(4.70) 75.64(2.93) 78.30(1.15) 80.24(1.58)
GAT(Pyg) - 51.76(4.97) 55.90(4.61) 61.16(5.32) 67.74(2.14) 71.26(3.06) 75.38(3.26)

GAT(MiniLM) - 60.02(6.24) 67.58(4.18) 72.14(5.46) 74.24(2.37) 76.90(1.61) 79.16(1.20)
DGI - 62.06(7.40) 71.26(6.02) 72.96(2.88) 76.88(3.50) 78.42(2.11) 79.92(1.25)

MVGRL - 61.94(10.64) 67.48(4.55) 67.68(1.83) 74.66(1.96) 76.98(3.27) 79.16(1.97)
GRACE - 67.00(9.17) 68.78(3.98) 73.20(5.87) 75.36(2.33) 77.68(2.34) 80.12(1.03)

Mixup+GCN - 43.56(12.47) 53.58(8.58) 64.38(3.57) 65.58(6.45) 68.72(4.46) 71.50(3.04)
DropEdge+GCN - 48.67(2.85) 52.73(4.17) 63.03(7.00) 69.33(2.23) 70.13(2.82) 79.55(0.96)

Meta-PN - 59.20(10.99) 68.92(4.74) 75.30(1.80) 76.50(2.63) 77.10(3.37) 80.12(1.15)
CGPN - 67.94(4.09) 73.46(2.78) 75.76(0.91) 75.70(1.80) 77.46(2.63) 77.80(0.61)

LLM4NG+GCN 74.46(1.60) 76.48(0.90) 76.08(2.75) 76.26(2.88) 76.94(2.07) 79.06(0.75) 80.40(1.01)
LLM4NG+GAT 74.14(1.22) 75.90(1.86) 75.44(2.38) 76.34(2.63) 76.40(1.51) 78.14(1.25) 79.60(1.16)

LLM4NG+GCN w/o A 70.44(1.72) 75.12(1.60) 75.24(1.88) 76.04(3.21) 76.86(1.58) 79.28(1.20) 80.94(1.55)
LLM4NG+GAT w/o A 74.08(1.49) 74.38(2.03) 75.00(4.36) 74.82(3.77) 75.98(3.42) 77.20(3.36) 78.82(2.57)

(improv.) - (+12.57%) (+3.57%) (+0.77%) (+0.08%) (+1.10%) (+1.02%)

Table 1: Node classification performance in few-shot scenarios of Cora w.r.t. the classification accuracy. Best results are in bold.

Methods 0-shot 1-shot 2-shot 3-shot 4-shot 5-shot 10-shot
GCN(Pyg) - 60.52(3.15) 63.16(2.45) 63.22(4.59) 65.58(3.58) 68.64(3.15) 75.26(2.48)

GCN(MiniLM) - 63.02(3.71) 64.74(4.00) 65.82(2.24) 68.40(4.16) 70.06(4.33) 77.72(1.56)
GAT(Pyg) - 59.72(4.14) 63.48(3.15) 63.76(2.87) 65.88(3.80) 66.92(3.84) 74.64(3.55)

GAT(MiniLM) - 61.82(4.21) 63.22(5.70) 65.38(2.30) 66.56(2.96) 69.22(1.47) 76.02(1.86)
DGI - 64.88(7.84) 64.70(9.13) 69.88(3.39) 70.98(3.72) 73.76(3.96) 77.96(0.95)

MVGRL - 61.78(9.22) 64.7(10.64) 65.42(8.10) 69.36(1.08) 69.58(3.08) 75.16(4.41)
GRACE - 63.80(1.93) 67.70(6.22) 68.74(6.06) 69.60(5.67) 71.46(7.00) 76.86(3.18)

Mixup+GCN - 54.14(3.77) 54.48(7.05) 61.22(5.64) 62.30(6.96) 63.08(8.09) 68.08(4.12)
DropEdge+GCN - 51.77(8.43) 64.76(2.95) 64.35(5.82) 67.43(1.33) 66.43(1.69) 76.70(1.04)

Meta-PN - 57.52(3.85) 59.56(6.16) 66.60(7.24) 69.52(9.38) 69.66(6.55) 74.28(4.84)
CGPN - 59.03(10.05) 56.90(9.95) 63.00(11.36) 65.03(4.37) 64.73(7.68) 64.70(3.72)

LLM4NG+GCN 75.36(2.43) 75.06(2.56) 76.82(4.30) 76.70(3.46) 76.74(2.55) 78.50(2.56) 80.54(0.78)
LLM4NG+GAT 74.66(1.04) 75.98(2.82) 76.50(1.85) 76.06(2.67) 76.00(3.15) 78.04(2.22) 78.66(1.07)

LLM4NG+GCN w/o A 73.72(2.88) 74.82(2.45) 75.56(3.17) 75.72(3.36) 76.06(2.68) 77.66(2.85) 79.64(1.33)
LLM4NG+GAT w/o A 74.08(1.49) 74.38(2.03) 75.00(4.36) 74.82(3.77) 75.98(3.42) 77.20(3.36) 78.82(2.57)

(improv.) - (+15.70%) (+13.47%) (+9.76%) (+8.11%) (+6.42%) (+3.31%)

Table 2: Node classification performance in few-shot scenarios of Pubmed w.r.t. the classification accuracy. Best results are in
bold.

(2) LLM4NG achieves impressive performance in zero-shot
scenarios, surpassing the performance of other methods even
in their low-shot scenarios. On PubMed, our model ex-
cels across various shot scenarios. Specifically, our model
achieves a score of 75.36% in the 0-shot setting, beating the
highest score of 73.76% obtained by other models in the 5-
shot scenario. This trend is also observed in the ogbn-arxiv
dataset. LLM4NG provides a method that can be trained
by GNNs in zero-shot scenarios. (3) Compared to ‘w/o A’
cases, LLM4NG performs better. The structural information
between the generated nodes and the nodes in the raw dataset
has demonstrated positive effects, which plays a crucial role
in improving model performance. This is because the struc-
ture facilitates the propagation of supervisory signals, allow-
ing labeled nodes to influence unlabeled ones, thereby en-
hancing the model’s performance.

In conclusion, the strong performance of LLM4NG high-
lights the effectiveness of leveraging generated samples to
enhance the model’s learning capabilities, especially when
labeled data is extremely scarce.

Case Study

Case Study for Comparison with LLM-based Enhanced
Methods In this section, we compare our method with
TAPE (He et al. 2023), the existing LLM-based enhanced
method. TAPE feeds titles and abstracts of papers into
LLMs, obtaining classification predictions and correspond-
ing explanations through prompt statements. The raw text
(TA), predictions (P), and explanations (E) are then input
into LMs to derive sentence representations. Subsequently,
these representations are input into three distinct GNN clas-
sifiers, with the final classification result determined by av-
eraging the output probabilities of these classifiers. For fair-
ness, Sentence-Bert (Reimers and Gurevych 2019) is used
across all models to directly obtain sentence representations.

Table 4 displays the experimental results on ogbn-arxiv,
a large benchmark dataset. LLM4NG demonstrates superior
performance in few-shot scenarios. On the other hand, TAPE
incurs substantial cost by requiring calls for all samples. In
contrast, our method necessitates only 400 calls, achieving
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Methods 0-shot 1-shot 2-shot 3-shot 4-shot 5-shot 10-shot
GCN(Pyg) - 23.38(5.26) 32.98(9.12) 39.77(6.36) 46.23(3.62) 47.95(2.24) 52.27(1.86)

GCN(MiniLM) - 31.42(3.89) 40.63(10.52) 45.62(7.02) 55.30(4.08) 53.44(2.01) 56.48(1.24)
GAT(Pyg) - 22.83(4.48) 24.82(6.01) 29.70(3.03) 40.39(4.03) 40.17(3.47) 50.13(2.28)

GAT(MiniLM) - 32.19(5.17) 41.43(8.28) 45.03(5.66) 53.92(2.35) 51.94(1.80) 54.39(1.22)
DGI - 25.75(5.97) 32.93(6.30) 36.47(7.78) 40.71(2.42) 42.32(3.11) 45.79(1.27)

MVGRL - 16.24(1.71) 17.82(2.26) 21.58(4.11) 23.42(1.79) 24.50(1.45) 31.26(1.17)
GRACE - 29.91(1.73) 35.72(2.35) 38.24(3.62) 38.68(1.11) 37.72(2.11) 43.51(0.91)

Mixup+GCN - 20.52(5.95) 27.45(5.09) 30.94(5.31) 35.45(4.47) 38.80(3.34) 44.15(2.21)
DropEdge+GCN - 10.11(7.54) 20.75(3.86) 25.52(4.00) 29.50(4.70) 29.37(9.65) 37.89(2.24)

Meta-PN - 23.38(6.10) 27.32(2.67) 31.47(0.73) 30.53(6.62) 34.67(3.68) 39.28(4.20)
CGPN - OOM OOM OOM OOM OOM OOM

LLM4NG+GCN 54.60(1.27) 56.83(1.82) 58.32(1.01) 58.70(1.54) 60.58(0.74) 60.83(0.88) 61.11(1.70)
LLM4NG+GAT 54.35(1.97) 56.29(2.65) 56.76(1.71) 58.04(1.81) 60.03(1.45) 59.95(1.59) 61.40(1.06)

LLM4NG+GCN w/o A 53.82(2.02) 55.89(1.30) 57.13(1.14) 58.68(0.41) 59.83(2.03) 58.87(1.40) 60.31(1.74)
LLM4NG+GAT w/o A 54.13(0.71) 55.18(2.28) 56.50(1.75) 57.85(1.77) 59.70(1.72) 57.84(2.56) 59.89(0.91)

(improv.) - (+76.55%) (+40.77%) (+28.67%) (+9.55%) (+13.83%) (+8.71%)

Table 3: Node classification performance in few-shot scenarios of ogbn-arxiv w.r.t. the classification accuracy. We highlight the
best results in bold. OOM denotes the out-of-the-memory error.

TA E TAPE LLM4NG TAPE+LLM4NG
0-shot - - - 54.60(1.27) 56.80(0.13)
1-shot 31.42(3.89) 36.16(6.48) 33.21(3.72) 56.83(1.82) 56.93(2.50)
2-shot 40.63(3.52) 41.36(6.48) 41.98(6.76) 58.32(1.01) 58.73(1.37)
3-shot 45.62(7.02) 51.66(7.27) 48.01(9.82) 58.70(1.54) 59.09(1.57)
4-shot 55.30(4.08) 53.10(5.62) 56.62(2.82) 60.58(0.74) 61.24(1.39)
5-shot 53.44(2.01) 54.24(3.34) 57.76(0.70) 60.83(0.88) 61.53(1.29)

Cost 169,343 calls (120.91$) 400 calls SUM(0.25$)

Table 4: Comparison with LLM-based Enhanced Methods.
SUM indicates that the cost is the sum of the two methods.

an improvement of over 400 times in terms of both #calls
and API cost. It is also worth noting that LLM4NG and
TAPE are compatible, and their combination can further im-
prove the model performance.

Case Study of Generated Samples In this section, we an-
alyze the impact of the quantity of generated samples and
LLMs’ stochasticity on the performance of the model in the
Cora dataset. The experiments conducted in this section are
run only once and do not involve edge prediction between
the generated nodes and the nodes in the raw dataset.

The quantity of generated samples. In this case, we
use the same prompt statement LLM4NG-P1 to generate
100 × 7 samples (M × |C|), and conduct experiments un-
der different shot settings. Subsequently, we vary the num-
ber of samples generated for each class and plot the experi-
mental results in Figure 2(a). We note that as the number of
generated samples increases, the accuracy shows an initial
increase followed by a decrease, and eventually stabilizes.
This phenomenon can be explained by the increased diver-
sity of the generated samples, providing richer supervised
signals and improve performance. With an increasing num-
ber of generated samples, the additional samples gradually
diminish their contribution to the model’s performance, and
thus the results are not significantly improved.

LLMs’ stochasticity. We also repeat the same prompt
statement LLM4NG-P1 five times to generate different sam-
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Figure 2: (a) Impact of the quantity of generated samples.
The x-axis shows the number of generated samples per label,
with different lines for shot numbers. (b) Impact of LLMs’
stochasticity on model performance. The x-axis represents
shot numbers. In both cases, the y-axis denotes accuracy.

ple contents, where the number of generated samples M is
10, i.e., a total of 350 (5 × 10(M) × 7(|C|)) samples. We
ensure that the generated samples are not identical to each
other. From Figure 2(b), we observe that although there are
variations among the generated samples, the overall quality
is quite good, exhibiting strong generalization capabilities.
We believe that the effectiveness of the generated samples
by LLMs lies in their ability to capture semantic informa-
tion relevant to the label text. This semantic information is
reliable and has a positive impact on classification results.

Conclusion
In this study, we proposed a lightweight paradigm
called LLM4NG to address the node classification problem
in few-shot scenarios. Specifically, we leveraged the power-
ful generation capabilities of LLMs to explore the semantic
information of labels and generate samples. We then trained
an edge predictor to incorporate these generated samples
into the raw dataset, thereby providing supervision signals
to the model. The impressive experimental results strongly
demonstrated the effectiveness of LLM4NG.
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Veličković, P.; Fedus, W.; Hamilton, W. L.; Liò, P.; Bengio,
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