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Abstract
Pre-training powerful Graph Neural Networks (GNNs) with un-
labeled graph data in a self-supervised manner has emerged as a
prominent technique in recent years. However, inevitable objec-
tive gaps often exist between pre-training and downstream tasks.
To bridge this gap, graph prompt tuning techniques design and
learn graph prompts by manipulating input graphs or reframing
downstream tasks as pre-training tasks without fine-tuning the
pre-trained GNN models. While recent graph prompt tuning meth-
ods have proven effective in adapting pre-trained GNN models
for downstream tasks, they overlook the crucial role of edges in
graph prompt design, which can significantly affect the quality
of graph representations for downstream tasks. In this study, we
propose EdgePrompt, a simple yet effective graph prompt tuning
method from the perspective of edges. Unlike previous studies
that design prompt vectors on node features, EdgePrompt manipu-
lates input graphs by learning additional prompt vectors for edges
and incorporates the edge prompts through message passing in
the pre-trained GNN models to better embed graph structural in-
formation for downstream tasks. Extensive experiments on three
graph datasets under two pre-training strategies demonstrate the
superiority of our proposed method against four baselines.
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1 Introduction
Graph Neural Networks (GNNs) [1, 4, 7, 14, 20] are often trained for
specific downstream tasks in an end-to-end manner. Nevertheless,
the end-to-end manner for training powerful GNN models usually
encounters significant challenges in practical deployments [2, 6, 8,
11]. First, annotating a sufficient number of labels for graph data is
typically time-consuming and resource-intensive in the real world.
Second, well-trained GNN models cannot be well generalized to
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other tasks, even on the same graph data [18]. To grapple with these
critical challenges, applying pre-training techniques on graph data
has become increasingly prevalent. Numerous recent studies have
focused on designing effective pre-training strategies for training
powerful GNN models without using any label information from
downstream tasks [5, 6, 15–17, 19, 23]. The philosophy behind these
pre-training strategies is to first train a GNN model on pre-training
tasks via self-supervised learning and subsequently transfer the
pre-trained GNN model to specific downstream tasks. Generally,
there exists inevitable objective gaps between pre-training and
the downstream tasks. To bridge the objective gap between pre-
training and downstream tasks, one prevalent solution to adapt
the pre-trained GNN model for downstream tasks is graph prompt
tuning. Typically, graph prompt tuning keeps the pre-trained GNN
model frozen and trains graph prompts for downstream tasks [2, 8,
9, 11, 12, 24, 25].

While recent graph prompt tuning methods show great prowess
in adapting pre-trained GNN models for various downstream tasks,
the existing methods still have several fundamental limitations.
First, a few studies [11, 26] design graph prompt tuning meth-
ods based on specific pre-training strategies, which hinders their
application to off-the-shelf pre-trained GNN models. Second, the
important dependency information carried by graph structures is
ignored in the existing studies [2, 8, 12]. They focus on designing
and learning graph prompts primarily by applying them to node fea-
tures or node representations. In this scenario, graph prompts are
unable to enhance pre-trained GNN models in capturing complex
graph structural information for downstream tasks.

Although the significant role of edges in graph learning has been
amplified by many studies [3, 10, 13, 21], unfortunately, none of
the existing studies have exploited edges for graph prompt tuning.
Naturally, we may ask a question: how can we devise an edge-level
graph prompt tuning method to effectively enhance the performance
of a pre-trained GNN model for downstream tasks? In this study, we
aim to answer this question through a pioneering investigation into
designing edge prompts for downstream tasks. To address the above
issues, we propose a novel graph prompt tuning method named
EdgePrompt purely from the perspective of edges, fundamentally
differing from node-level prompt designs in the existing studies [2,
12]. The intuition of EdgePrompt is to manipulate the input graph
by adding extra learnable prompt vectors to edges and thereby
enhance the capability of pre-trained GNN models for downstream
tasks. In EdgePrompt, all the edges in the input graph learn a shared
prompt vector at each layer of the pre-trained GNN model. The
edge prompts will be aggregated along with node representations
during the forward pass of the message-passing mechanism. We
conduct extensive experiments over three graph datasets under two
pre-training strategies. The results validate the superiority of our
proposed method compared with four baselines.
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2 Preliminaries
Let G = (V, E) denote a graph whereV = {𝑣1, 𝑣2, · · · , 𝑣𝑁 } is the
set of 𝑁 nodes, and E is the edge set. X ∈ R𝑁×𝐷 denotes the node
feature matrix where the 𝑖-th row x𝑖 represents a 𝐷-dimensional
feature vector of node 𝑣𝑖 ∈ V . The edges in G can also be repre-
sented by an adjacency matrix A ∈ {0, 1}𝑁×𝑁 where each entry
𝑎𝑖 𝑗 = 1 if (𝑣𝑖 , 𝑣 𝑗 ) ∈ E, otherwise 𝑎𝑖 𝑗 = 0. Specifically, GNN models
aim to learn expressive node representations through the message-
passingmechanism [4, 7, 14, 20] where the representation of a target
node is iteratively updated by aggregating the representations of its
neighboring nodes. Typically, a GNN model has two fundamental
operators: AGG(·) extracting the neighboring information of the
node, and COMB(·) integrating the previous representation of the
node and its neighbors. Mathematically, the 𝑙-th layer of an 𝐿-layer
GNN model 𝑓 updates the representation of node 𝑣𝑖 ∈ V by

h(𝑙 )
𝑖

= COMB(𝑙 ) (h(𝑙−1)
𝑖

,AGG(𝑙 ) ({h(𝑙−1)
𝑗

: 𝑣𝑗 ∈ N(𝑣𝑖 ) } ) ), (1)

where h(𝑙 )
𝑖

∈ R𝐷𝑙 denotes the 𝐷𝑙 -dimensional representation of
node 𝑣𝑖 at the 𝑙-th layer, and N(𝑣𝑖 ) denotes the neighbors of node
𝑣𝑖 . h

(0)
𝑖

∈ R𝐷 is initialized with node 𝑣𝑖 ’s feature x𝑖 . The final
node representation h(𝐿)

𝑖
after the 𝐿-th layer of the GNN model

can be subsequently used for various downstream tasks (e.g., node
classification) with a trainable classifier 𝑔.

3 Methodology
3.1 Problem Setting
We consider a GNN model pre-trained by a pre-training task. We
aim to adapt the pre-trained GNN model to a downstream task on
a graph dataset through graph prompt tuning while keeping its
parameters frozen. Specifically, given a pre-trained GNN model 𝑓 ,
the goal is to transform the input graph G to a prompted graph
G′ = T (G) with learnable prompts and obtain expressive node
representations on G′ by 𝑓 for a specific downstream task. Here,
T is a graph transformation to obtain G′ by adding prompts to G.
The key problem in graph prompt tuning is to design and learn
suitable graph prompts to benefit downstream tasks.

3.2 Edge Prompt Design
Considering the dependencies between nodes in graph data, we
design learnable prompt vectors on edges and manipulate the in-
put graph to a prompted one with the edge prompts; therefore,
the pre-trained GNN model can generate expressive node repre-
sentations on the prompted graph for the downstream task. More
concretely, for each edge (𝑣𝑖 , 𝑣 𝑗 ) ∈ E, we aim to learn a prompt
vector e(𝑙 )

𝑖 𝑗
∈ R𝐷𝑙−1 on it at the 𝑙-th layer of the pre-trained GNN

model. Typically, this prompt vector can be regarded as the learnable
properties of edges. As discussed previously, one critical challenge
arises here: many popular GNN models do not accommodate edge
attributes during the message-passing mechanism. Therefore, they
are unable to absorb e(𝑙 )

𝑖 𝑗
into node representations. To overcome

this issue, we propose to aggregate the prompt vector along with
node representations through the message-passing mechanism dur-
ing the forward pass at each layer of the pre-trained GNN model.
Specifically, to compute h(𝑙 )

𝑖
of each node 𝑣𝑖 at the 𝑙-th layer, the

Table 1: Accuracy on 5-shot node classification tasks.

Pre-training Tuning Cora CiteSeer Pubmed

GraphCL

Classifier Only 53.05±4.76 38.62±3.43 64.28±4.51
GPPT 50.96±6.67 39.50±1.67 60.47±4.75

GraphPrompt 55.71±4.62 40.81±2.11 63.47±2.23
ALL-in-one 38.00±4.17 40.27±2.09 58.61±3.49
EdgePrompt 58.60±4.46 43.31±3.23 67.76±3.01

SimGRACE

Classifier Only 52.27±2.74 40.45±3.55 56.72±3.80
GPPT 52.07±7.65 40.25±3.29 58.65±5.12

GraphPrompt 51.42±2.80 41.74±2.22 55.98±2.94
ALL-in-one 34.64±4.06 38.95±2.35 54.18±4.70
EdgePrompt 58.37±4.51 43.94±4.15 61.10±3.69

GNN model will aggregate not only h(𝑙−1)
𝑗

from its neighboring

node 𝑣 𝑗 ∈ N (𝑣𝑖 ) but also e(𝑙 )
𝑖 𝑗

associated with edge (𝑣𝑖 , 𝑣 𝑗 ). Mathe-
matically, we can reformulate Equation (1) with the edge prompt
vector at the 𝑙-th layer of the pre-trained GNN model by

h(𝑙 )
𝑖

= COMB(𝑙 ) (h(𝑙−1)
𝑖

,AGG(𝑙 ) ({h(𝑙−1)
𝑗

+ e(𝑙 )
𝑖 𝑗

: 𝑣𝑗 ∈ N(𝑣𝑖 ) } ) ) . (2)

To obtain the prompt vector, one simple yet effective way is to learn
a global prompt vector shared by all the edges. Let p(𝑙 ) ∈ R𝐷𝑙−1

denote the global prompt vector at the 𝑙-th layer of the pre-trained
GNN model. For each edge (𝑣𝑖 , 𝑣 𝑗 ), the prompt vector at the 𝑙-th
layer will be e(𝑙 )

𝑖 𝑗
= p(𝑙 ) .

With the learnable edge prompts, we can obtain more suitable
node representations h(𝐿)

𝑖
for node 𝑣𝑖 ∈ V by the pre-trained GNN

model for node classification. Given the labeled node set V𝐿 ∈ V ,
we optimize our edge prompts and a classifier 𝑔 by

min
𝑔,{P (1) ,· · · ,P (𝐿) ,W(1) ,· · · ,W(𝐿) }

1
|V𝐿 |

∑︁
𝑣𝑖 ∈V𝐿

ℓ (𝑔 (𝑓 (G′ )𝑖 ), 𝑦𝑖 ), (3)

where 𝑦𝑖 is the ground-truth label of node 𝑣𝑖 ∈ V𝐿 , and ℓ is the
downstream task loss, i.e., the cross-entropy loss for classification.

4 Experiments
4.1 Experimental Setup
We evaluate the effectiveness of our proposed method on node
classification over three public graph datasets, including Cora [22],
CiteSeer [22], and Pubmed [22].We consider two pre-training strate-
gies in our experiments, i.e., GraphCL [23] and SimGRACE [19]. We
evaluate our proposed method against three state-of-the-art graph
prompt tuning methods in our experiments, including GPPT [11],
GraphPrompt [8], and All-in-one [12]. In addition, we also report
the performance of solely training classifiers without any prompts
(named as Classifier Only) in our experiments. We use a 2-layer
GCN [7] as the backbone for node classification. We use the 5-shot
setting for node classification.

4.2 Results
Table 1 reports the results of our method and four baselines on
5-shot node classification tasks over three datasets. Our method
can consistently achieve the best performance among graph prompt
tuning methods across different pre-training strategies.
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