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Background: Graph Prompt Learning
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Overview of Graph Prompt Learningl!l.

[1]. Fu et al., Graph Prompting for Graph Learning Models: Recent Advances and Future Directions, arXiv 2025
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Background: Graph Prompt Learning
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Figure 1: Three different graph prompting mechanisms: input-level prompt (left), layer-wise prompt
(middle), and representation-level prompt (right).

Graph Prompt Learning (GPL) has emerged as a promising paradigm that bridges graph
pretraining models and downstream scenarios, mitigating label dependency and the misalignment
between upstream pretraining and downstream tasks. However, their effectiveness and underlying
principles remain unclear.
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Limitations

0 .
Through our analysis of existing methods, we identify two major issues:
(1). Lack of consensus on underlying mechanisms
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There is no consensus on how prompts interact with pretrained models, as different strategies intervene at
varying spaces within the model, i.e., input-level, layer-wise, and representation-level prompts.

(2). Limited scenario adaptability
Most methods fail to generalize across diverse downstream scenarios, especially under data distribution
shifts (e.g., homophilic-to-heterophilic graphs).

From the prompting mechanism to the downstream scenario, existing
graph prompt learning methods exhibit an adaptation gap.



Motivation Experiment
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Existing representation-level prompt GPLs fail to consistently adapt well to
different pretrained models. Moreover, they show no significant performance
improvement compared to linear probe (only fine-tune the classifier), which
achieves good and stable results. This motivates us to explore the relationship
between different types of prompts and linear probe.
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Theorem 4.1 (Parameter Objective Equivalence) Given a linear prompt function T'(h) = Wh
+br and classifier C(h) = Wgh the following properties hold:

1. Function Space Equivalence: There exists a linear classifier C'(h) = W ', h + b such
that (C' o T)(h) = C'(h) for all h;

2. Optimization Objective Equivalence: The optimization problems miny., b, wo L(C ©

T'(h),y) and minw_, b, L(C'(h),y) are equivalent in parameter space and gradient
update paths.

The function space equivalence is guaranteed by Proposition 4.1} and the optimization equivalence is
demonstrated in Proposition 4.2}

Proposition 4.1 (Function Space Equivalence) For any linear transformation T'(h) = Wyh+by

and classifier C(h) = W Lh, there exists an equivalent classifier C'(h) = W, h + b such that
(CoT)(h)=C'(h).

Proposition 4.2 (Optimization Objective Equivalence) For (C' o T')(h) and C'(h), we consider
the same loss function L, the optimization problems minw, w. b, L((C o T)(h),y) and
minw ., b, L(C'(h),y) are equivalent in the parameter space.



.. - ..-.;'t.‘.

3* "Y' NEURAL INFORMATION

MethOd '{?-yPROCESSING SYSTEMS

(7) Prompt Initialization.

we propose an edge prompt strategy that uses kNN to generate .
xixj

I l2 1512

ij =

a topological prompt with tunable edge weights (Aui)s; = {Sijs if S;; € top-k {S;.}, S
W10,  otherwise. ’

© Parameterization.

we use a learnable scalar weight w;;, which
forms the set of prompt parameters ¥ = {w;; }-
To enable the model to select the most relevant
prompt edges and ensure non-negative weights,
we apply a gating mechanism using a scaled and
shifted ELU activation function.

G Bootstrapped Prompt Integration.
we use bootstrap to balance between original and
prompt topology, preserving severe overfitting
and model collapse. g9 _ gV (1— 1A,

4 Optimization Objective.

. ik
Aij = ELU(“LUIJ N 0 Gl O.f) + ]., min Z ED(g(f)(fg(p‘P(A? X))z)! yl)ﬁ
o, ¥ \VL| =y
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A Table 1: In-domain 1-shot node classification over different pretrained models.



D 2 %;.\.‘o
ﬁ. NEURAL INFORMATION

COHClusi()n ;;.g.processmG SYSTEMS

v We identify two key issues in existing GPLs: lack of consensus on underlying mechanisms, and limited
scenario adaptability. We propose that graph prompt learning should focus on unleashing the
capability of pretrained models, and the classifier adapts to downstream scenarios.

v We propose UniPrompt, a novel universal GPL method that adapts any pretrained models. This
method leverages a learnable prompt graph while preserving the original structure to unleash the
capability of pretrained models.

v We conduct extensive experiments on homophilic and heterophilic datasets, evaluating in-domain
and cross-domain performance under few-shot settings. Experimental results demonstrate that our
method consistently outperforms state-of-the-art GPL baselines.

Mails: yqghuang@tju.edu.cn
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Code: https://github.com/hedongxiao-tju/UniPrompt
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