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A Proofs1

A.1 Proof for Proposition 4.12

Proof. (C ◦ T )(h) = W⊤
C (WTh + bT ) = (W⊤

T WC)
⊤h + W⊤

CbT . Then, we let WC′ =3

W⊤
T WC ,bC′ = W⊤

CbT , we can get (C ◦T )(h) = W⊤
C′h+bC′ ≡ C ′(h). Therefore, we conclude4

that any linear prompt combination can be represented as a linear classifier with a bias term.5

A.2 Proof for Proposition 4.26

Proof. For any parameters of objective function WC′ and bC′ , there exists WT and WC :7

WC = (W⊤
T )

−1WC′ , bT = W†
CbC′ , (1)

where W†
C is the pseudo-inverse matrix of WC . The mapping above is unique when W†

C =8 (
W⊤

CWC

)−1
W⊤

C and WC has full column rank. We calculate the gradient update paths of the two9

optimization methods respectively. For the original gradient of WC and WT , we have the following:10

∂L

∂WC
=

∂L

∂C ′
∂C ′

∂WC
= (WTh+ bT )

(
∂L

∂C ′

)⊤

,
∂L

∂WT
=

∂L

∂C ′
∂C ′

∂WT
= WC

∂L

∂C ′h
⊤. (2)

The detailed derivation of these two equations is provided in the Appendix. For ease of understanding,11

the matrix of two equations are ∇WC
L = (WTh+bT ) · (∇C′L)

⊤ and ∇WT
L = WC ·∇C′L ·h⊤.12

Then, the gradient of bT is ∇bT
L = WC · ∇C′L. For the classifier C ′, we calculate the gradient of13

WC′ and bC′ using ∇WC′L = h · (∇C′L)
⊤ and ∇bC′L = ∇C′L. According to WC′ = W⊤

T WC14

and bC′ = W⊤
CbT , we analyze the gradient propagation using the chain rule:15

∆WC′ = W⊤
T ∆WC + (∆WT )

⊤WC

= W⊤
T

(
η(WTh+ bT ) · (∇C′L)

⊤
)
+ ηh (∇C′L)W⊤

CWC

= ηh · (∇C′L)
⊤
, when W⊤

CWC = Ik and W⊤
T WT = Id.

(3)

For bC′ , we have the following:16

∆bC′ = W⊤
C∆bT + (∆WC)

⊤bT

= ηW⊤
CWC∇C′L+ η (WTh+ bT )

⊤
bT∇C′L,

(4)

when WC has full column rank and bT is orthogonal to WTh+bT , we can obtain ∆bC′ = η∇C′L,17

which is consistent with the gradient of single linear classifier C ′.18
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B Other Experiments and Detail Settings19

B.1 Experimental Setup20

Implementation details. In our experiments, we use 2-layer GCN backbones for DGI and GRACE,21

and 2-layer GAT backbone for GraphMAE. For downstream prompt tuning, all classifiers employ22

2-layer MLPs. We fine-tune all GPL baselines across all pretrained models. We train for 2000 epochs23

with early stopping (patience=20). Following the ProG [1] benchmark settings, we conduct k-shot24

sampling evaluations under both in-domain and cross-domain settings with k ∈ {1, 3, 5}. To ensure25

performance reliability, we perform 20 repeated runs for each of 5 fixed random seeds (42, 12345,26

23344, 38108, 39788), reporting averaged results over 100 total trials. All of the experiments are27

conducted on a server with Xeon(R) Platinum 8352V CPU, 90GB of memory, an RTX 4090 graphics28

card, and 24GB of video memory.29

Hyperparameters Settings.30

B.2 Real-world datasets31

We introduce the details of the 9 commonly used real-world datasets, including homophily and32

heterophily graphs as follows, and the statistics of these datasets are shown in Table 1.33

• Cora [2], CiteSeer [2] and PubMed [2] are citation datasets, nodes represent papers, edges34

represent citation relationships. Each dimension in the feature corresponds to a word. Labels35

are the categories into which the paper is divided.36

• Cornell [3], Texas [3], and Wisconsin [3] are sub-datasets of WebKB [4], which is a webpage37

dataset collected from Carnegie Mellon University. Nodes represent web pages, and edges38

represent hyperlinks between web pages.39

• Chameleon [3] and Squirrel [3] are page to page networks on specific topic collected from40

Wikipedia [5], nodes represent web pages and edges represent links between web pages.41

The average monthly traffic of the web page is converted into five categories to predict.42

• Actor [3] is the actor-only induced subgraph of the film-director-actor-writer network. Each43

node corresponds to an actor, and the edge between two nodes denotes co-occurrence on the44

same Wikipedia page. Node features correspond to some keywords in the Wikipedia pages.45

The task is to classify the nodes into five categories in term of words of actor’s Wikipedia.46

Table 1: Statistics of real-world datasets.
Dataset #Nodes #Edges #Features #Classes #Homophily

Cora 2,708 5,278 1,433 7 0.81
CiteSeer 3,327 4,552 3,703 6 0.74
PubMed 19,717 44,324 500 3 0.80
Cornell 183 298 1,703 5 0.31
Texas 183 325 1,703 5 0.11
Wisconsin 251 515 1,703 5 0.20
Chameleon 2,277 36,101 2,277 5 0.24
Actor 7,600 30,019 932 5 0.22
Squirrel 5,201 217,073 2,089 5 0.22

B.3 Descriptions of Various Baselines47

Graph Semi-Supervised Baselines.48

• GCN [6]: GCN introduces a spectral graph convolution framework based on localized first-49

order Chebyshev filters, utilizing mean-pooling for neighborhood aggregation. It recursively50

updates node representations by averaging the features of neighbors and uses learnable51

parameters to control the transformation process.52
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Table 2: In-domain node classification. Accuracy on 3-shot node classification tasks over three
pretrained models and nine datasets. The best results in each pretrain strategy are highlighted in bold,
and the runner-up with an underline.

Pretrain Methods Cora CiteSeer PubMed Cornell Texas Wisconsin Chameleon Actor Squirrel

DGI

GPPT 52.75±6.52 45.07±5.43 59.83±4.92 37.55±5.48 34.02±9.71 35.86±6.43 22.71±2.40 19.70±1.23 21.51±1.37

GraphPrompt 64.29±47.8 57.37±5.26 60.56±5.37 26.06±6.24 36.89±7.56 25.96±9.75 25.71±2.68 20.02±1.39 22.16±2.42
GPF 65.73±5.53 55.82±5.79 62.94±7.71 37.70±7.22 39.66±8.29 37.34±5.70 26.16±3.15 21.84±2.08 22.01±2.30

GPF+ 68.17±4.28 54.52±5.91 64.58±7.07 37.90±7.53 34.49±8.99 38.12±6.79 25.88±2.65 21.81±2.09 21.83±2.17

EdgePrompt 62.65±3.39 49.49±4.97 59.56±3.43 40.26±7.81 41.88±8.76 36.59±7.37 25.07±4.07 21.63±2.45 21.45±1.83

EdgePrompt+ 59.30±4.10 49.25±5.12 59.60±3.36 39.98±6.70 42.55±9.04 37.01±7.58 25.45±3.77 22.39±2.80 21.96±1.87

Ours 69.07±4.37 61.73±4.15 60.94±6.46 59.63±5.84 61.44±14.55 68.70±6.99 25.90±3.08 27.32±3.26 24.19±2.35

GRACE

GPPT 54.24±7.29 51.71±5.39 57.13±4.60 36.05±8.71 33.55±3.66 37.69±5.65 31.45±3.69 20.78±1.21 24.17±2.68

GraphPrompt 67.60±4.90 53.84±8.22 56.60±7.00 29.86±7.56 34.82±8.84 29.66±8.12 32.46±3.60 20.98±1.85 24.41±3.18
GPF 64.09±4.04 52.45±4.90 61.93±6.95 38.75±7.05 41.76±9.79 36.11±3.65 30.23±3.41 21.61±2.07 21.28±3.88

GPF+ 63.91±5.08 53.24±6.88 55.88±5.54 38.40±5.00 41.37±8.39 36.63±5.07 32.07±3.59 19.67±3.47 23.32±2.66

EdgePrompt 60.45±4.39 48.65±4.08 57.33±4.67 42.58±10.88 42.97±6.22 36.46±8.73 27.42±3.19 21.63±1.33 23.14±2.02

EdgePrompt+ 61.60±2.95 45.12±4.53 62.38±6.11 42.11±9.13 43.83±7.29 39.26±5.16 27.82±2.07 21.41±0.98 23.37±1.53

Ours 67.71±5.24 61.93±3.73 66.83±6.14 60.86±8.37 64.22±3.84 67.60±8.57 27.71±3.66 25.56±1.37 25.22±2.47

GraphMAE

GPPT 57.64±5.74 40.14±6.89 56.63±8.23 35.12±9.70 38.28±9.54 40.94±6.23 27.46±2.27 20.06±2.56 20.58±1.13

GraphPrompt 67.49±3.01 57.51±6.52 62.78±4.76 23.79±7.02 29.76±10.51 27.90±8.98 23.02±3.37 21.50±2.05 26.29±2.34

GPF 57.91±4.28 43.44±12.02 64.32±7.22 36.33±6.82 38.79±9.89 36.86±5.95 27.09±2.88 21.30±2.51 20.82±1.81

GPF+ 56.55±6.74 44.71±6.36 60.60±7.87 38.59±7.84 37.27±8.10 38.06±9.06 26.87±3.29 20.56±3.21 20.95±0.95

EdgePrompt 64.18±4.20 57.56±6.66 54.32±7.07 35.42±6.17 40.95±8.73 37.31±5.69 26.60±4.02 19.66±4.94 22.05±1.27

EdgePrompt+ 64.36±3.89 53.46±6.12 63.05±6.35 37.20±6.09 41.00±8.92 38.80±5.81 22.10±2.67 20.59±4.43 21.72±0.90

Ours 66.16±6.69 61.90±2.95x 64.62±5.71 59.92±5.06 65.62±2.75 71.60±2.88 27.78±2.17 24.77±1.83 22.82±1.19

• GAT [7]: GAT proposes multi-head attention mechanisms to dynamically compute node-53

specific weights during message passing. It adopts a learnable attention coefficient to54

quantify the importance of neighbors, thereby achieving adaptive aggregation.55

Graph Pretraining Models. We introduce the classic graph pretraining models as follows.56

• DGI [8]: Deep Graph Infomax (DGI) learns node embeddings by maximizing the mutual57

information (MI) between local node representations and graph representation. It utilizes58

GCNs to generate node representations, and aggregates node representations into a graph59

representation. DGI treats the corrupted graph as a negative example and train by identifying60

the relationship between nodes and graphs, thereby maximizing MI between them.61

• GRACE [9]: GRACE learns node embeddings by maximizing mutual information between62

node representations in two augmented views. It generates different views through edge63

removal and feature masking. It use InfoNCE as loss function, which maximizes the64

similarity of two augmented nodes generated by the same node and minimizes the similarity65

of other nodes to train the model.66

• GraphCL [10]: GraphCL learns graph-level representations by maximizing mutual informa-67

tion between augmented views of graphs. It introduces four graph augmentation types (node68

dropping, edge perturbation, attribute masking, subgraph sampling) to generate augmented69

views. The InfoNCE loss maximizes similarities between positive pairs (augmented views70

of the same graph) while contrasting against negative pairs (other graphs in the batch),71

corresponding to mutual information maximization between augmented representations and72

unifies diverse contrastive learning frameworks.73

• GraphMAE [11]: GraphMAE is a generative self-supervised graph autoencoder that learns74

robust representations through masked feature reconstruction. It employs a two-stage75

framework: (1) A GNN-based encoder learns node embeddings from input graphs with76

randomly masked node features; (2) A GNN decoder reconstructs the masked features77

using a re-mask decoding strategy, optimized by a scaled cosine error loss that emphasizes78

directional alignment over magnitude.79

Graph Prompt Learning Baselines.80

• GPPT [12]: GPPT introduces a "pre-train, prompt, fine-tune" framework for GNNs, en-81

abling parameter-efficient adaptation through learnable prompt vectors without retraining82

GNN weights. It pre-trains a GNN encoder with self-supervised objectives, then designs83

task-specific prompts into the input layer during fine-tuning. The graph prompting function84

generates token pairs: task tokens are trainable class embeddings, and structure tokens are85

node representations derived from clustered subgraphs. Node classification is reformulated86

as linking scores between token pairs, decoupling pretraining from downstream tasks.87
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Table 3: In-domain node classification. Accuracy on 5-shot node classification tasks over three
pretrained models and nine datasets. The best results in each pretrain strategy are highlighted in bold,
and the runner-up with an underline.

Pretrain Methods Cora CiteSeer PubMed Cornell Texas Wisconsin Chameleon Actor Squirrel

DGI

GPPT 57.78±4.46 51.64±5.06 64.59±3.68 41.95±4.57 42.19±6.56 41.37±5.85 23.47±2.98 20.87±1.24 21.80±1.47

GraphPrompt 65.36±4.72 62.33±2.60 66.83±6.05 27.94±6.51 40.91±7.12 31.20±7.22 25.98±3.38 20.38±1.04 22.82±2.18

GPF 66.57±7.50 60.99±3.73 68.33±5.03 42.96±6.01 42.61±8.83 43.68±6.29 27.10±2.94 22.79±1.56 23.38±2.37
GPF+ 69.10±3.70 57.84±4.22 68.81±4.57 43.63±6.62 43.21±8.64 45.11±6.42 27.86±2.74 22.39±2.01 21.48±3.01

EdgePrompt 66.82±3.62 56.99±4.12 64.08±6.27 45.14±5.71 49.10±11.77 47.61±6.32 25.05±3.76 23.82±1.87 21.62±1.53

EdgePrompt+ 67.10±3.94 56.12±3.88 62.95±6.15 43.05±4.58 46.88±9.06 50.40±5.49 24.96±3.74 23.49±1.99 21.53±2.15

Ours 70.58±3.01 65.10±3.15 70.97±4.33 68.02±4.32 67.86±8.36 70.43±9.34 28.04±2.68 28.20±2.66 23.88±2.19

GRACE

GPPT 56.51±7.10 50.88±5.62 65.97±5.75 44.36±4.88 41.15±7.09 41.98±7.60 33.10±3.47 21.36±2.18 24.70±2.14
GraphPrompt 68.58±4.30 52.65±3.84 65.49±6.66 35.28±5.94 38.65±7.75 33.76±7.48 32.68±3.32 21.17±1.14 22.55±1.87

GPF 68.56±3.98 59.53±3.91 68.20±4.59 46.01±6.72 44.17±7.43 41.66±4.84 28.62±3.26 22.91±1.49 21.29±2.57

GPF+ 68.86±3.95 61.51±3.90 68.30±3.99 45.89±6.10 40.99±8.35 45.65±5.22 29.46±3.33 22.64±1.45 24.61±2.24

EdgePrompt 63.76±3.49 51.81±6.08 68.23±3.16 48.17±8.16 54.45±7.50 47.14±6.15 32.04±3.80 23.17±1.55 24.22±1.26

EdgePrompt+ 66.16±3.38 53.90±3.03 71.03±2.40 47.66±8.64 53.98±6.93 46.46±5.98 32.44±3.41 24.46±1.64 24.35±1.41

Ours 72.99±3.48 63.64±3.80 74.21±2.81 68.13±4.35 68.36±4.92 71.43±4.58 33.66±1.54 26.68±1.87 26.07±0.84

GraphMAE

GPPT 64.66±5.47 46.87±6.52 62.50±7.81 46.25±4.64 41.04±6.81 46.10±5.06 26.49±3.32 20.14±2.49 20.97±1.15

GraphPrompt 69.80±4.65 49.17±4.19 67.51±6.93 25.83±5.77 38.54±9.35 30.60±7.55 23.65±2.67 20.08±1.65 24.71±2.50

GPF 72.09±3.98 52.73±4.94 65.47±4.85 41.55±6.06 43.08±8.13 42.30±5.95 28.51±2.63 22.62±3.36 21.04±1.39

GPF+ 63.28±6.20 55.60±6.03 65.96±5.03 44.53±7.08 39.61±6.69 42.38±6.35 26.86±3.34 20.89±2.70 21.12±0.81

EdgePrompt 67.74±3.60 62.29±3.24 58.66±6.36 44.37±6.27 44.02±7.88 43.53±5.40 29.35±2.20 22.00±2.67 21.68±1.32

EdgePrompt+ 73.81±2.00 48.25±4.39 65.60±3.68 44.02±7.48 44.56±7.51 43.14±5.61 29.84±2.28 21.74±2.57 21.35±1.15

Ours 74.77±2.26 65.74±2.80 70.49±4.77 67.73±3.71 71.02±5.21 73.89±6.62 29.77±2.26 24.96±1.65 23.23±1.21

• GraphPrompt [13]: GraphPrompt proposes a unified pretraining and prompting frame-88

work for GNNs, bridging the gap between pretraining and downstream tasks through a89

subgraph similarity-based template. It introduces learnable task-specific prompts that guide90

the ReadOut operation to dynamically emphasize task-relevant features during subgraph91

representation aggregation. By mapping both link prediction (pretraining) and node/graph92

classification (downstream) tasks to subgraph similarity learning, GraphPrompt enables93

parameter-efficient adaptation via prompt tuning—freezing pre-trained GNN weights while94

optimizing lightweight prompts.95

• GPF/GPF-plus [14]: GPF introduces a universal prompt tuning framework for pre-trained96

GNNs, enabling adaptation to downstream tasks by modifying input feature space rather97

than model parameters. It injects learnable feature prompts into node attributes. Based on98

that, GPF-plus trains several independent basis vectors and utilizes attentive aggregation of99

these basis vectors with the assistance of several learnable linear projections. Theoretically,100

GPF bridges pretraining and downstream objectives by optimizing prompts to reconstruct101

optimal graph representations, while maintaining parameter efficiency and compatibility102

across diverse pretraining strategies.103

• EdgePrompt/EdgePrompt-plus [15]: EdgePrompt introduces a graph prompt tuning104

framework for pre-trained GNNs by injecting learnable edge-wise prompts into adjacency105

matrices. It designs edge-specific trainable vectors to customize message aggregation106

patterns between nodes. This structural adaptation bridges the objective gap between107

pretraining and downstream tasks while preserving GNN parameters. EdgePrompt+ enables108

each edge to learn its customized prompt vectors, which is similar to GPF and GPF-plus.109

Multi-Domain Graph Pretrain Baselines.110

• GCOPE [16]: GCOPE proposes a cross-domain graph pretraining framework that unifies111

diverse graph structures by introducing learnable "coordinators" to align various datasets.112

These coordinators interconnect isolated source datasets into a unified large-scale graph,113

enabling joint pretraining with objectives. During pretraining, GCOPE learns transferable114

representations by balancing shared multi-domain knowledge and domain-specific features115

through latent alignment strategies. The framework supports flexible transfer via fine-tuning116

or graph prompting while maintaining parameter efficiency.117

• MDGPT [17]: MDGPT introduces a dual-prompt framework for downstream adaptation: a118

unifying prompt transfers broadly learned cross-domain knowledge by aligning target do-119

mains with the pre-trained prior, and a mixing prompt enables fine-grained domain-specific120

alignment through learnable projections. MDGPT bridges pretraining and downstream121

tasks by optimizing domain-invariant representations via self-supervised objectives on122

multi-domain data.123
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• MDGFM [18]: MDGFM integrates multiple source domains during pretraining, leveraging124

contrastive learning to maximize mutual information between multi-view graph augmenta-125

tions. The topology-aware refinement process, which aligns different graph topologies into126

a unified semantic space via meta-prompts (for global knowledge transfer) and task-specific127

prompts (for domain adaptation).128

B.4 3/5-shot node classification on different pretrained models129

We further conduct 3-shot and 5-shot node classification experiments on the same nine datasets,130

based on three different pretrained models, as shown in Table 2 and Table 3. Consistent with the131

1-shot results, our method outperforms existing GPL approaches across most datasets under different132

pretrained model settings. However, the baselines become more competitive in these scenarios, with133

each achieving second-best performance on certain datasets. Another observation is that, as the134

number of shots increases, the performance discrepancies among models under different pretrained135

settings become more pronounced, especially on datasets such as CiteSeer and Chameleon. In136

comparison to the GPL baselines, our method demonstrates significantly more stable performance137

across all settings.138

Table 4: 1-Shot Hyperparameter Settings of UniPrompt for Different Pretrained Models
Pretrained Model Dataset hidden_dim up_lr up_wd down_lr down_wd k τ

DGI-Pretrained

Cora 256 0.001 0.00001 0.05 0.00005 50 0.99999
CiteSeer 256 0.0005 0.00001 0.05 0.00005 50 0.9999
PubMed 256 0.0005 0.00001 0.05 0.00005 1 0.9999
Cornell 256 0.0001 0.00001 0.005 0.00005 50 0.9999
Texas 256 0.01 0.00001 0.005 0.00005 50 0.9999
Wisconsin 256 0.0001 0.00001 0.0005 0.00005 50 0.9999
Chameleon 256 0.01 0.00001 0.001 0.00005 50 0.9999
Actor 256 0.00005 0.00001 0.005 0.00005 50 0.9999
Squirrel 256 0.0005 0.00001 0.05 0.00005 50 0.9999

GRACE-Pretrained

Cora 256 0.001 0.00001 0.005 0.00005 50 0.9999
CiteSeer 256 0.05 0.00001 0.001 0.00005 50 0.9999
PubMed 256 0.01 0.00001 0.05 0.00005 1 0.9999
Cornell 256 0.0001 0.00001 0.01 0.00005 50 0.9999
Texas 256 0.0001 0.00001 0.00005 0.00005 50 0.9999
Wisconsin 256 0.001 0.00001 0.00005 0.00005 50 0.9999
Chameleon 256 0.01 0.00001 0.0005 0.00005 1 0.99999
Actor 256 0.00001 0.00001 0.01 0.00005 50 0.9999
Squirrel 256 0.01 0.00001 0.05 0.00005 50 0.9999

GraphMAE-Pretrained

Cora 256 0.0005 0.00001 0.0005 0.00005 50 0.9999
CiteSeer 256 0.001 0.00001 0.0005 0.00005 50 0.9999
PubMed 256 0.001 0.00001 0.0001 0.00005 1 0.999
Cornell 256 0.00005 0.00001 0.05 0.00005 50 0.9999
Texas 256 0.00001 0.00001 0.0005 0.00005 50 0.9999
Wisconsin 256 0.00005 0.00001 0.01 0.00005 50 0.9999
Chameleon 256 0.0005 0.00001 0.001 0.00005 50 0.99999
Actor 256 0.005 0.00001 0.05 0.00005 50 0.9999
Squirrel 256 0.005 0.00001 0.05 0.00005 50 0.9999

B.5 Hyperparameter Settings139

We also conducted extensive experiments to explore the impact of various hyperparameters on the140

performance of our model, as shown in Table 4, Table 5, and Table 6, ensuring that our approach141

achieves robust and consistent results across diverse settings.142

C Related Works143

Graph Pretraining. Graph pretraining has emerged as a powerful paradigm for learning general-144

izable and transferable representations from large-scale unlabeled graph data, aiming to mitigate145

the dependency on labeled data in downstream tasks. Unlike traditional supervised methods that146

require extensive manual annotations [6, 7], graph pretraining leverages self-supervised strategies147
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to capture structural and semantic patterns in graphs. Graph Self-Supervised Learning (GSSL)148

currently has attracted widespread attention in the academic community, which mainly designs149

self-supervised objective functions to train the model based on maximizing Mutual Information (MI).150

As a classic paradigm, DGI [8] maximizes mutual information between node representations and151

the global summary of the graph. GGD [19] further explores the DGI, summarizing it as a group152

classification task, greatly reducing the computational time overhead. GRACE [9] introduces Graph153

Contrastive Learning (GCL) by augmenting the input graph and aligning node embeddings across154

different views, and optimizes using InfoNCE [20] loss. Based on this loss function, a large mount of155

instance-discrimination-based GCLs have proposed [21, 22, 23, 24], improving the sampling strategy156

and achieving improvement. BGRL [25] adopts BYOL [26], which trains the online encoder by157

predicting the target encoder to generate efficient node representations. This backbone is followed by158

some recent works, such as AFGRL [27], SGCL [28].159

Table 5: 3-Shot Hyperparameter Settings of UniPrompt for Different Pretrained Models
Pretrained Model Dataset hidden_dim up_lr up_wd down_lr down_wd k τ

DGI-Pretrained

Cora 256 0.0005 0.00001 0.05 0.00005 10 0.9999
CiteSeer 256 0.0005 0.00001 0.05 0.00005 10 0.9999
PubMed 256 0.0001 0.00001 0.05 0.00005 50 0.9999
Cornell 256 0.001 0.00001 0.01 0.00005 50 0.9999
Texas 256 0.0001 0.00001 0.00005 0.00005 50 0.9999
Wisconsin 256 0.005 0.00001 0.0001 0.00005 50 0.9999
Chameleon 256 0.00001 0.00001 0.05 0.00005 10 0.999
Actor 256 0.00001 0.00001 0.01 0.00005 50 0.9999
Squirrel 256 0.0005 0.00001 0.01 0.00005 50 0.99

GRACE-Pretrained

Cora 256 0.001 0.00001 0.05 0.00005 50 0.9999
CiteSeer 256 0.00001 0.00001 0.05 0.00005 50 0.9999
PubMed 256 0.01 0.00001 0.05 0.00005 1 0.9999
Cornell 256 0.00001 0.00001 0.0001 0.00005 50 0.9999
Texas 256 0.00005 0.00001 0.0001 0.00005 50 0.9999
Wisconsin 256 0.0001 0.00001 0.0005 0.00005 50 0.999
Chameleon 256 0.001 0.00001 0.001 0.00005 50 0.9999
Actor 256 0.005 0.00001 0.01 0.00005 50 0.9999
Squirrel 256 0.005 0.00001 0.05 0.00005 50 0.99999

GraphMAE-Pretrained

Cora 256 0.0005 0.00001 0.05 0.00005 1 0.99999
CiteSeer 256 0.001 0.00001 0.05 0.00005 50 0.9999
PubMed 256 0.0001 0.00001 0.05 0.00005 10 0.9999
Cornell 256 0.00005 0.00001 0.005 0.00005 50 0.9999
Texas 256 0.00005 0.00001 0.0005 0.00005 50 0.9999
Wisconsin 256 0.00001 0.00001 0.00005 0.00005 50 0.9999
Chameleon 256 0.001 0.00001 0.001 0.00005 50 0.9999
Actor 256 0.001 0.00001 0.05 0.00005 50 0.9999
Squirrel 256 0.001 0.00001 0.05 0.00005 5 0.99999

Graph Prompt Learning. Graph prompt learning aims to address the gap between pretrained models160

and downstream tasks by introducing tunable components into the inputs, model parameters, or161

outputs of pretrained models. This approach facilitates the alignment of the pretraining domain162

with the target domain, thereby improving performance in downstream tasks, particularly in few-163

shot fine-tuning scenarios. GPPT [12] introduces task and structure tokens to reformulate node164

classification as link prediction, leveraging pre-trained edge-level models. It pioneers prompt tuning165

for graph tasks but is limited to binary edge prediction. GPF [14] proposes feature-based prompts by166

adding learnable vectors to node features, enabling lightweight adaptation for graph classification.167

Later extended to GPF-Plus, which employs multiple basis vectors for richer expressiveness. All168

in One [29] unifies node-, edge-, and graph-level tasks into graph-level contrastive learning via169

learnable subgraph prompts. It employs meta-learning for cross-task generalization and highlights170

prompt-as-operation for structural flexibility. GraphPrompt [13] aligns downstream tasks with graph171

similarity objectives through task-specific prompts. It integrates prompts into graph pooling layers,172

enabling compatibility with diverse pre-training strategies. PRODIGY [30] introduces task graphs173

to unify pre-training and downstream tasks via in-context learning. It avoids parameter tuning by174

reformulating tasks as link prediction between data and label tokens. GraphControl [31] aligns cross-175

domain graphs via conditional prompts inspired by ControlNet [32], enabling semantic consistency176

in transfer learning. Although various graph prompt strategies have advanced the field, there remains177
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no unifed understanding of how these prompts interact with pretrained models, which is the problem178

our work tries to explain and solve.179

Table 6: 5-Shot Hyperparameter Settings of UniPrompt for Different Pretrained Models
Pretrained Model Dataset hidden_dim up_lr up_wd down_lr down_wd k τ

DGI-Pretrained

Cora 256 0.0001 0.00001 0.05 0.00005 10 0.99999
CiteSeer 256 0.0001 0.00001 0.05 0.00005 10 0.9999
PubMed 256 0.0005 0.00001 0.05 0.00005 10 0.99999
Cornell 256 0.00005 0.00001 0.001 0.00005 50 0.9999
Texas 256 0.00001 0.00001 0.0001 0.00005 50 0.9999
Wisconsin 256 0.00001 0.00001 0.0001 0.00005 50 0.9999
Chameleon 256 0.00001 0.00001 0.05 0.00005 10 0.999
Actor 256 0.0005 0.00001 0.005 0.00005 50 0.9999
Squirrel 256 0.0001 0.00001 0.0001 0.00005 50 0.9999

GRACE-Pretrained

Cora 256 0.001 0.00001 0.05 0.00005 50 0.9999
CiteSeer 256 0.00001 0.00001 0.05 0.00005 50 0.9999
PubMed 256 0.01 0.00001 0.0001 0.00005 1 0.9999
Cornell 256 0.00001 0.00001 0.0005 0.00005 50 0.9999
Texas 256 0.00005 0.00001 0.0005 0.00005 50 0.9999
Wisconsin 256 0.0001 0.00001 0.0001 0.00005 50 0.9999
Chameleon 256 0.005 0.00001 0.05 0.00005 50 0.99999
Actor 256 0.005 0.00001 0.05 0.00005 50 0.9999
Squirrel 256 0.005 0.00001 0.05 0.00005 50 0.99999

GraphMAE-Pretrained

Cora 256 0.005 0.00001 0.0005 0.00005 1 0.9999
CiteSeer 256 0.001 0.00001 0.05 0.00005 10 0.9999
PubMed 256 0.0001 0.00001 0.05 0.00005 1 0.9999
Cornell 256 0.00005 0.00001 0.0005 0.00005 50 0.9999
Texas 256 0.00005 0.00001 0.0005 0.00005 50 0.9999
Wisconsin 256 0.00001 0.00001 0.0005 0.00005 50 0.9999
Chameleon 256 0.001 0.00001 0.05 0.00005 50 0.9999
Actor 256 0.01 0.00001 0.05 0.00005 50 0.9999
Squirrel 256 0.005 0.00001 0.0001 0.00005 50 0.9999

D Limitations180

Despite the excellent results of our proposed UniPrompt, there are several limitations to consider:181

• Limited Integration with LLMs: Our proposed method currently lacks consideration of182

LLMs as encoders, limiting the exploration of their effectiveness.183

• Hyperparameter Dependency: Although the method is simple and effective, it still requires184

tuning two hyperparameters, τ and k, across different datasets.185

• Limited Task Coverage: The downstream evaluation focuses only on node classification,186

without exploring other tasks such as graph classification.187

E Broader Impacts188

The introduction of UniPrompt represents a significant advancement in the field of graph prompt189

learning. The broader impact of this work includes:190

• Further Integration with LLMs: Our proposed method and theory can be combined with191

LLMs to further validate the effectiveness of our approach.192

• Extension to Multiple Tasks: Based on our method, we can further explore the performance193

of UniPrompt on graph classification tasks.194

• Expansion to New Scenarios: Incorporating LLMs into our model enables effective unified195

task formulations and makes efficient zero-shot classification tasks feasible.196
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