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Abstract
Prompt-based fine-tuning of pre-trainedmodels has recently emerged
as a promising trend for few-shot learning over graphs. Despite
its significant potential, high variability and sensitivity to noise
and perturbations remain the major challenges on the way of a
wider adoption of prompt-based fine-tuning. We propose a new
solution to these open problems by introducing the machinery of
persistent homology to graph prompts. In particular, to better guide
the fine-tuning process on downstream tasks, we extract intrinsic
topological descriptors of the activation graphs of the pre-trained
models in a form of Fréchet Means and incorporate this inherent
topological information into the prompt-tuning process. Addition-
ally, we implement bootstrapping over the topological summaries
to mitigate the high variability, typically observed in prompt-based
methods. Our extensive validation shows that the new Topo-Prompt
tool results not only in relative gains in node classification accuracy
up to 11% but also in up to 4 times reduction of variability with
respect to the state-of-the-art prompt tuning methods. Further-
more, Topo-Prompt delivers superior robustness to perturbations,
outperforming its competitors up to 25% under noisy conditions.

CCS Concepts
• Computing methodologies →Machine learning; Artificial
intelligence; Neural networks; • Mathematics of computing
→ Algebraic topology; Distribution functions; Graph theory.
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1 Introduction
Following the success of prompt learning in natural language pro-
cessing, prompt-based methods for graph learning have recently
emerged as a new promising direction. One of the key premises
is that prompt learning potentially allows us to bridge the gap be-
tween pre-training and downstream tasks by reformulating input
data to better align with pre-training objectives [10, 30, 31]. This
emerging direction has shown notable effectiveness in leveraging
transferable knowledge for various tasks while requiring a minimal
re-tuning of the entire pre-trained network. However, designing
effective prompts for graphs presents unique challenges due to the
complex structure of the graph-structured data and the diverse
nature of the pre-training models. To tackle these two inter-woven
open problems and enhance the effectiveness of graph prompts,
we propose a novel methodology that extracts the most essential
latent higher-order shape structure present within the pre-trained
model and incorporates it into the prompting process. By "shape"
we broadly understand properties that are invariant under contin-
uous transformations, e.g. stretching, twisting, and compressing.
We approach this task by leveraging the machinery of topological
data analysis (TDA) and, more specifically, persistent homology
which has recently emerged as a powerful tool for capturing higher-
order shape (sub)structures [1, 3, 8] and often results in superior
performance and robustness of the PH-enhanced deep learning
models [2, 4, 6, 28]. Using the PH tools, we can distill topological
signatures of a learned neural network, for example, the intrinsic
higher-order shape characteristics present within the space of acti-
vations of a neural network [16, 20]. Armed with such topological
information about the underlying neural network model, we then
develop a topologically aware prompt, or Topo-prompt. We posit
that our method has the potential to capture more informative and
more stable representations of the graph data. To the best of our
knowledge, this is the first approach that guides the fine-tuning pro-
cess on downstream tasks by incorporating higher-order structural
information present within the pre-trained model itself.

Our key contributions can be summarized as follows:

• We introduce a novel prompt-tuning method, utilizing boot-
strapped Fréchet means of activation graphs of pre-trained
networks and topological loss functions, enabling more stable
knowledge transfer in few-shot scenarios;

• we substantially outperform the state-of-the-art prompt-tuning
methods, achieving up to 11% accuracy gains and major vari-
ance reduction across both homophilic and heterophilic graphs;
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• we establish Topo-Prompt’s robustness under perturbations,
yielding improvements in performance up to 25% under noisy
conditions compared to existing approaches.

2 Background
Pre-Training and Fine-Tuning. Strategies for pre-training GNNs
can be broadly categorized into three approaches. Node-level pre-
training methods focus on understanding the underlying structural
relationships within a graph, mapping nodes with similar properties
to nearby regions in the embedding space to capture the graph’s
inherent mutual information [7, 32]. Edge-level pre-training meth-
ods aim to understand the regularities of edge attributes distributed
across the graph, capturing how different interactions relate and
correlate with each pair of nodes [12, 14, 15, 17, 19, 23]. Graph-level
pre-training methods focus on generating meaningful graph em-
beddings composed of informative node embeddings, learning rep-
resentations that capture the overall characteristics and patterns of
the entire graph [13, 22, 24, 27, 29]. Prompt graphs typically involve:
prompt tokens guide the pre-trained GNN towards a relevant and co-
herent response; token structures defines the structural relationships
between prompt tokens, reflecting the graph’s unique topology;
task tokens represent class prototypes, providing additional context
for the pre-trained GNN to effectively perform downstream tasks.
Prompting methods differ in how they combine prompt graphs
with input graphs and in their prompt tuning techniques.

3 Preliminaries and the Topo-prompt Idea in a
Nutshell

Let 𝐺 = (𝑉 , 𝐸) be a graph, where 𝑉 = {𝑣1, 𝑣2, . . . , 𝑣𝑁 } is the set of
nodes (where 𝑁 = |𝑉 | is the number of nodes) and 𝐸 ⊆ 𝑉 ×𝑉 is the
set of edges. The node features are encoded in a matrix 𝑿 ∈ R𝑁×𝑃 ,
where 𝑿 = [𝑥1, 𝑥2, . . . , 𝑥𝑁 ]⊤ and each 𝑥𝑖 ∈ R𝑃 represents the
feature vector of node 𝑣𝑖 and 𝑃 is the node feature dimension. Graph
connectivity is described by the adjacency matrix 𝐴 ∈ {0, 1}𝑁×𝑁 ,
where 𝐴𝑖 𝑗 = 1 if (𝑣𝑖 , 𝑣 𝑗 ) ∈ 𝐸, and 𝐴𝑖 𝑗 = 0, otherwise.

Activation Graphs. Let 𝑓𝜃 be a pre-trained neural network parame-
terized by 𝜃 , consisting of𝑛 hidden layers.We denote the 𝑖-th hidden
layer as ℎ𝑖 : R𝑑𝑖 → R𝑑𝑖+1 for 𝑖 = 1, . . . , 𝑛, where 𝑑𝑖 is the dimension-
ality of the 𝑖-th layer. The trainable weight matrix connecting layers
ℎ𝑖 and ℎ𝑖+1 is represented by𝑊𝑖 ∈ R𝑑𝑖×𝑑𝑖+1 . For an input 𝑥 ∈ 𝑿 ,
we define the activation at layer 𝑖 as 𝑎𝑖 (𝑥) = ℎ𝑖 (ℎ𝑖−1 . . . (ℎ1 (𝑥))).
Activation graph𝐺𝑖 (𝑥) = (𝑉𝑖 ∪𝑉𝑖+1, 𝐸𝑖 ) for the transition between
layers 𝑖 and 𝑖 + 1 is constructed as follows: 𝑉𝑖 = {1, . . . , 𝑑𝑖 } is the
neurons in layer 𝑖 , 𝑉𝑖+1 = {1, . . . , 𝑑𝑖+1} is the neurons in layer 𝑖 + 1,
and the edge set is defined as

𝐸𝑖 = {(𝑢, 𝑣,𝑤) : 𝑢 ∈ 𝑉𝑖 , 𝑣 ∈ 𝑉𝑖+1,𝑤 = 𝑎𝑖 (𝑥) [𝑢] ·𝑊𝑖 [𝑢, 𝑣]},

where𝑤 is the edge weight computed as the dot product between
the activation of neuron 𝑢 in layer 𝑖 and the corresponding weight
connecting it to neuron 𝑣 in layer 𝑖 + 1. This induces a sequence of
activation graphs {𝐺𝑖 (𝑥)}𝑛−1𝑖=1 for each input 𝑥 ∈ 𝑿 .

Activation graphs encapsulate the essential response patterns of
the trained neural network to specific input data. Shape properties
of these graphs are known to shed important light on the hidden
interplay between higher-order structures of the input data and

organization of the fitted model [9]. As the pre-trained model aims
to obtain more general data representations, analyzing how down-
stream data activates the pre-trained model can reveal critical latent
information about how to tune the downstream model to our data.

Overview of Topological Prompt. We introduce a novel, topologically
aware prompt-tuning approach that can be broken down into three
key components which can be seen in Figure 1. In spirit of topo-
logical bootstrap [5], for each sample point 𝑥 ∈ 𝑿 , we construct
a bootstrapped sample set B, i.e., randomly select data points for
downstream processing. We then compute the set of activation
graphs 𝐺𝑖 and their corresponding topological descriptors, which
we detail in subsequent sections. The next step is to infuse the
pre-trained model embedding E with our obtained topological in-
sights, which then serve as inputs to a learnable prompt module
parameterized by 𝜙 . Following this construction, we compute the
distance between the topology of pre-trained model and the prompt
module to fine-tune the prompt in the direction of that the pre-
trained model has learnt. Together these steps aim to achieve a
balance between fine-tuning and prompting approaches. We posit
that leveraging topological information of activation graphs in our
proposed way encourages a teacher-student paradigm, where ro-
bust and more general representations of a learned model can be
transferred to learner prompt modules during downstream tasks,
guiding them to produce well-tuned data modifications. In the fol-
lowing sections, we highlight the details of our proposed method
and then empirically validate our position.

Intuition behind Why and How do Topological Summaries Aid Knowl-
edge Transfer? By analyzing how neural networks transform the
underlying topology of data through their layers, we can investigate
the fundamental mechanisms of knowledge transfer. Well-trained
networks progressively reduce topological complexity (measured by
persistent homology) of input data, transforming complicated, en-
tangled manifolds into simpler, linearly separable components [20].
In this context, Fréchet means serve to capture aggregated represen-
tations of how data complexity evolves across activation patterns
in different network layers. This topological summarization is par-
ticularly valuable for pre-trained models, which are specifically
optimized for generalization tasks. By leveraging these summaries
of data complexity transformation, we provide downstream fine-
tuningwith an informed initialization that preserves the pre-trained
model’s learned topological simplification strategy. The ability to
effectively reshape topological structures, hence, emerges as a key
factor for knowledge transfer and classification tasks, offering neq
insights into how networks fundamentally transform data repre-
sentations across different architectures and domains.

4 Empirical Validation
We evaluate Topo-prompt on 6 benchmark datasets in Table 1 for
1-, 5-, and 10-shot node classification tasks against state-of-the-art
competitors: Gprompt [18], All-in-one [25], and GPF/GPF-plus [11].
Our methodology begins with Graph Contrastive Learning (GCL)
pre-training on a two-layer base GNN, followed by our novel topo-
logical prompt-tuning approach. For 𝐾-shot classification, we com-
pute Fréchet means (FMs) from bootstrapped activation graphs
of the pre-trained network. These topological features enhance
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Figure 1: Overview of the Topo-prompt architecture. The approach consists of three key components: (1) bootstrapped sample
generation, (2) computation of activation graphs and their topological summaries, and (3) infusion of topological insights into
the pre-trained model embedding. These components work together to create a topologically-aware prompt-tuning method
that balances fine-tuning and prompting approaches, leveraging a teacher-student paradigm for effective knowledge transfer
in downstream tasks.

node embeddings through E′ = E + 𝐹𝑀 . While sharing a similar
token structure with GPF-plus, Topo-prompt introduces two key
innovations: FM-enhanced embedding initialization and a topologi-
cal loss function that aligns prompt structure with the pre-trained
model’s geometry. Following the ProG benchmark [33] protocols,
all methods undergo 200 epochs of pre-training and 100 epochs of
prompt-tuning using the Adam optimizer, with final classification
performed via an MLP projection head.

Table 1: Summaries of the datasets.

Dataset Nodes Edges
Cora 2,708 10,556
Citeseer 3,327 9,104
PubMed 19,717 88,648
Wisconsin 251 515
Texas 183 325
OGBN-arxiv 169,343 1,166,243

4.1 Results
As shown in Table 2, Topo-prompt outperforms all baselines across
datasets except Wisconsin, where it ranks second. Notably, our
method achieves up to 4x reduction in standard deviation com-
pared to baselines, addressing a critical challenge in graph prompt
research. This improved stability stems from our bootstrapping
approach and FM-based prompt construction, as revealed in our
ablation study (Section 4.2). While Topo-prompt maintains supe-
rior performance in 10-shot settings, the gains are less pronounced
compared to 1-shot and 5-shot scenarios, aligning with the general
observation that topological approaches provide greater benefits

under scarcer data conditions. The Wisconsin dataset exception
likely stems from its activation patterns in our pre-trained GNN
not exhibiting sufficiently rich topological structures.

4.2 Ablation Study and Robustness Analysis
Our ablation study on Cora and CiteSeer in figure 2 datasets reveals
the significant contribution of each Topo-prompt component. Re-
moving the topological loss resulted in accuracy drops of 3.22% and
5.80% respectively, while ablating bootstrapping led to larger de-
creases of 10%. The most dramatic impact came from removing both
bootstrapping and FMs, causing accuracy drops of 40.38% (Cora)
and 24.92% (CiteSeer), with significantly increased standard devia-
tions. In robustness testing in figure 3, under node perturbations
(2% to 30%), Topo-prompt consistently outperformed competitors,
retaining 44.1% of its original accuracy at 30% perturbation com-
pared to 33-38% retention for baselines. Further ablation under
noise revealed that while removing the topological loss had mini-
mal impact, ablating bootstrapping or FM features led to substan-
tial performance drops, particularly at higher perturbation levels.
This suggests that FM captures global structural properties while
bootstrapping preserves local characteristics, with their synergy
contributing to Topo-prompt’s superior robustness.

5 Conclusion
Wehave introduced Topo-prompt, a novel topologically-aware prompt-
tuning method for few-shot node classification over graphs. As
our experimental results have shown, incorporating bootstrapped
Fréchet means of activation graphs and a topological loss func-
tion enable Topo-prompt to significantly boost the effectiveness of
prompt-based fine-tuning. Empirical results on various homophilic
and heterophilic graph datasets have demonstrated Topo-prompt’s
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Table 2: Node-Classification performance with 1-shot, 5-shot and 10-shot setting.

𝐾-Shot Model Cora PubMed CiteSeer Wisconsin Texas OGBN-arxiv

1-Shot

GPF 0.489±0.060 0.397±0.070 0.477±0.031 0.493±0.062 0.738±0.116 0.113±0.034

GPF-plus 0.504±0.105 0.522±0.091 0.494±0.029 0.763±0.121 0.729±0.088 0.162±0.031

All-in-one 0.388±0.098 0.369±0.080 0.462±0.048 0.325±0.091 0.416±0.172 0.098±0.012

Gprompt 0.492±0.043 0.481±0.080 0.452±0.049 0.686±0.087 0.718±0.126 0.264±0.023

Topo-Prompt(ours) 0.562±0.039 0.592±0.054 0.512±0.027 0.757±0.066 0.772±0.031 0.273±0.018

5-Shot

GPF 0.588±0.045 0.553±0.076 0.623±0.034 0.842±0.054 0.844±0.072 0.149±0.024

GPF-plus 0.621±0.055 0.595±0.058 0.677±0.027 0.934±0.069 0.852±0.097 0.242±0.069

All-in-one 0.442±0.049 0.535±0.059 0.594±0.066 0.578±0.077 0.629±0.128 0.132±0.042

Gprompt 0.584±0.031 0.611±0.065 0.663±0.036 0.907±0.094 0.774±0.084 0.292±0.028

Topo-Prompt(ours) 0.633±0.035 0.648±0.051 0.702±0.023 0.921±0.049 0.893±0.054 0.301±0.027

10-Shot

GPF 0.609±0.037 0.572±0.048 0.638±0.029 0.873±0.033 0.856±0.069 0.269±0.014

GPF-plus 0.668±0.028 0.667±0.022 0.776±0.025 0.937±0.028 0.912±0.053 0.282±0.036

All-in-one 0.451±0.056 0.569±0.053 0.604±0.059 0.691±0.038 0.677±0.071 0.212±0.051

Gprompt 0.713±0.017 0.675±0.041 0.781±0.024 0.931±0.044 0.838±0.047 0.307±0.022

Topo-Prompt(ours) 0.722±0.009 0.688±0.018 0.786±0.023 0.938±0.021 0.924±0.039 0.318±0.013
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Figure 2: Ablation study of Topo-prompt’s robustness under varying perturbation levels (from 2% to 30%) on the Cora dataset.

superiority, with accuracy improvements of up to 11% in few-shot
node classification tasks and up to 4 times reduction in variabil-
ity of graph learning. Moreover, Topo-prompt has been shown to
exhibit the enhanced robustness to graph perturbations, yielding
gains of up to 25% compared to the most powerful competitors.
Our ablation studies also have indicated the synergistic importance
of bootstrapping and Fréchet mean incorporation, contributing to
both accuracy improvements and variance reduction.

As we view this paper as one of the very first steps toward improv-
ing our understanding of the utility of shape descriptors in few
short graph learning and development of the associated topological

prompts for graphs, we envision multiple future research direc-
tions. In particular, we plan to expand the ideas of Topo-prompt to
learning multi-layer graphs and hyper-graphs, as well as to gen-
eralize Topo-prompt to dynamic networks. Furthermore, we will
explore the utility of the joint hyper-graph representations for var-
ious pre-trained models and the associated graphical model-based
LASSO techniques [21, 26] for more systematic quantification of
uncertainties in transfer learning.
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Figure 3: Robustness comparison of Topo-prompt with various graph prompting methods under different levels of node
attribute perturbations (0% to 30%) on the Cora dataset.
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