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Abstract

Graph prompt learning (GPL) serves as a crucial frame-
work for mitigating the knowledge transfer by reconcil-
ing the substantial mismatch between pre-training models
and downstream tasks. However, prevalent GPL paradigm
fail to accommodate graph data affected by privacy-induced
noise. Specifically, 1) GPL typically relies on the stabil-
ity of original graph structures for the design of effec-
tive prompt templates; 2) the construction of prompts lacks
explicit guidance to suppress noise introduced by privacy
perturbations; 3) prompt optimization on single disturbed
graphs can easily lead to overfitting to noise patterns. To ad-
dress these issues, we propose a novel privacy-aware graph
prompt learning (PAGPL) scheme, which alleviates spurious
clues caused by privacy noise injection. Initially, an adaptive
structure-wise Bayesian estimation is applied to reconstruct
the privacy-perturbed graphs. Subsequently, to suppress the
impact of residual perturbation, a noise-resilient prompt gen-
eration is employed to filter unreliable structural and sig-
nals. Ultimately, we incorporate a multi-view-based progres-
sive privacy consistency to promote the robustness of prompts
against the semantic misalignment while improving the task-
specific consistency. The experimental results reveal that our
scheme outperforms state-of-the-art (SOTA) GPL approaches
with a 10%—-60% improvement in accuracy under various
real-world privacy-perturbed scenarios.

Code — https://github.com/Senspecial/PAGPL

Introduction

The knowledge transfer (Fang et al. 2025b) from pre-
training models to downstream tasks poses challenges due
to discrepancies in data characteristics, feature distributions,
and task-specific objectives (Li et al. 2024). This necessi-
tates the development of fine-tuning or adaptation strategies
to bridge the gap between desired source domains and real-
world target domains. In the traditional GNN pre-training
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Figure 1: Performance (%) under privacy perturbation and
few-shot settings. Left (Radar chart): our PAGPL shows
superior robustness, with the excellent performance across
varying privacy budgets. Right (Heatmap): our PAGPL
maintains a salient advantage in few-shot scenarios.

with fine-tuning paradigm (Jin et al. 2020; Sun et al. 2024),
these strategies often struggle to generalize across mis-
matched semantic spaces and non-stationary graph distribu-
tions (Sun et al. 2023b; Liu et al. 2023a). Therefore, graph
prompt learning (GPL) (Sun et al. 2023b; Liu et al. 2023b;
Sun et al. 2023a; Fang et al. 2023, 2022; Sun et al. 2022; Yu
et al. 2024, Jia et al. 2025c¢) offers an innovative solution that
to this challenge. GPL adopts a two-stage framework where
GNN s are first pre-trained (Lu et al. 2021; Yu et al. 2025) to
capture general graph patterns, followed by the integration
of the prompts customized for downstream tasks (Ge et al.
2023; Chen et al. 2025; Zhang et al. 2025). GPL achieves
efficiency by freezing the base GNN encoder and introduc-
ing light-weight prompts into downstream tasks. Simultane-
ously, it ensures representational reliability, as the prompts
can approximate a wide range of desired structural trans-
formations. This paradigm reduces the reliance on extensive
parameter fine-tuning and improves transfer efficiency.
Privacy preservation in graph representation learning is
increasingly critical, as advanced privacy inference attacks
have demonstrated the ability to extract sensitive attributes
from learned graph embeddings (Grover and Leskovec



2016; Perozzi, Al-Rfou, and Skiena 2014; Tang et al. 2015;
Jia et al. 2023, 2025b, 2026). These privacy threats are not
confined to traditional graph learning settings but can easily
generalize to GPL scenarios. Existing privacy-preserving so-
lutions for graph learning primarily fall into two categories:
graph federated learning (GFL) and graph differential pri-
vacy (GDP). While GFL protects raw data by distributing
training, its infrastructure demands and large-scale assump-
tions render it unsuitable for the few-shot (Satorras and Es-
trach 2018; Wang et al. 2020; Zhang, Ding, and Li 2025;
Fang, Easwaran, and Genest 2025), downstream-oriented
GPL paradigm. In contrast, GDP offers a more flexible alter-
native by injecting randomized noise directly into the data,
which aligns well with the GPL setting where individual
users handle small-scale inputs and demand local control
over privacy guarantees.

In response, we reveal that the feasibility of GPL will
significantly descend when privacy-induced noise is imple-
mented. As shown in Figure 1, previous approaches suffers
an accuracy drop of over 30%—60% compared to clean set-
tings. Specifically, there are three shortcomings that lead to
such infeasibility: 1) conventional GPL often considers sta-
ble and harmless graph structures, which makes the design
of prompt highly sensitive to perturbations in topology or
connectivity; 2) current prompt approaches lack dedicated
designs to identify or mitigate noise-induced patterns. As
a result, they often treat spurious signals caused by pri-
vacy perturbations as valid input features, which leads to
the generation of misleading prompts; 3) prompt tuning is
performed on perturbed task instances without accounting
for the true underlying semantics. Therefore, the generated
prompts tend to overfit to artifacts induced by privacy noise,
which fails to bridge the pre-trained model with the actual
downstream tasks.

To address the above issues, we propose a novel privacy-
aware graph prompt learning (PAGPL) , which aims to
resolve the mismatch between privacy-induced topologi-
cal distortions and high-quality graph representations in
real-world applications. First, an adaptive structure-wise
Bayesian estimation is utilized to reconstruct the graph sam-
ples. Building upon these reconstructed structures, we de-
sign a learnable prompt that dynamically perceives and re-
sponds to noise patterns introduced by privacy perturba-
tions. This component selectively filters out irrelevant or
noisy signals, which preserves task-relevant representations
and enhances the stability of prompt construction in per-
turbed environments. Ultimately, to further enhance the ro-
bustness of the learnable prompts, we develop a progressive
privacy consistency into the optimization process, which en-
courages semantic alignment across multiple noisy graph
views. Notably, our experiments demonstrate that PAGPL
effectively handles both self supervision scarcity and exter-
nal privacy-induced noise, which can produce accurate and
reliable graph representations. The main contribution of this
paper can be summarized as follows:

1) We propose the PAGPL, a novel privacy-aware GPL
scheme that is designed to generate semantically aligned
and resilient prompts by adapting to the underlying dis-
torted structures. To the best of our knowledge, this is the
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first work that investigates the feasibility and stability of
GPL under privacy-perturbed scenarios.

We reveal that existing GPL paradigm lacks capabil-
ity to distinguish between task-relevant informative pat-
terns and privacy-induced spurious signals, which leads
to the construction of misleading prompts. The proposed
scheme leverages topology-oriented modeling to miti-
gate the structural uncertainty introduced by data pertur-
bations and employs light-weight prompts jointly opti-
mized for task relevance and privacy consistency.

We conduct extensive experiments on five real-world
benchmark datasets to evaluate the generalization capa-
bility of privacy-aware GPL. The results demonstrate that
our scheme improves the accuracy of GPL by 10% — 60%
compared to SOTA baselines.

2)

3)

Related Work
Privacy-Preserving Graph Data

Privacy-preserving graph data is typically generated by per-
turbing original graphs through element modifications and
feature permutations (Fu et al. 2023; Fang et al. 2025a;
Jia et al. 2025a). These data are widely used in graph rep-
resentation learning and have recently been extended to
GPL scenarios under privacy constraints. Traditional meth-
ods such as federated learning (Ye et al. 2025; Li et al.
2020; Zhang et al. 2021) and graph anonymization (Liu
and Terzi 2008; Yazdanjue et al. 2025) are not well-suited
for downstream GPL tasks because federated learning re-
quires large-scale coordination and continuous communica-
tion (Nguyen et al. 2021), while graph anonymization is de-
signed for static data publishing. In contrast, local differen-
tial privacy (LDP) (Shen et al. 2025; Dwork et al. 2006) of-
fers a more suitable privacy paradigm for downstream GPL
tasks. It allows each user to independently perturb their lo-
cal graph data before any model interaction, which removes
the need for centralized coordination or distributed training
protocols. The inherent decentralization and local controlla-
bility of LDP make it well-suited for integration with light-
weight, few-shot adaptation settings in GPL.

Graph Prompt Learning

GPL aims to develop efficient prompt modules with suf-
ficient expressive power. At the same time, it is required
that the pre-trained GNN remain frozen. This allows the
model to retain its learned knowledge while simultane-
ously optimizing its performance for specific downstream
tasks. GPrompt (Liu et al. 2023b) unified pre-training and
downstream tasks via subgraph similarity, while ProG (Sun
et al. 2023a) advanced multi-task prompting through token,
structure, and insertion design. GPF (Fang et al. 2023) is
also a universal prompt tuning method that injects learn-
able prompts into the input feature space of graphs. How-
ever, such designs neglect the practical difficulty posed by
noise, under which structural noise and feature distortion
can significantly impair the reliability and generalization
of prompts. In contrast, our PAGPL explicitly incorporates
prompts that maintain robustness and adaptability under pri-
vacy perturbation.



Bayesian Estimation in Graphs

Bayesian estimation (Zyphur and Oswald 2015; Seliem et al.
2025) provides a coherent framework for parameter infer-
ence and decision-making under uncertainty and empha-
sizes its advantages in decision-making, posterior predic-
tion, and few-shot modeling. Bayesian estimation has been
proposed (Wang et al. 2021) to incorporate prior knowl-
edge and to model edge weights with uncertainty analysis.
Blink (Zhu, Tan, and Xiao 2023) employed Bayesian infer-
ence to reconstruct the graph structures that using noisy de-
grees as prior and perturbed adjacency lists as evidence to
compute posterior link probabilities. In adaptive structure-
wise recovery, Bayesian estimation is applied to recover la-
tent graph structures from privacy-perturbed data by learn-
ing a Beta prior over link probabilities.

Preliminaries
Notation

Given a privacy-perturbed graph G = (V, X), where V' de-
notes the node set with |V'| nodes, and each node v € V is
associated with a feature vector X, € R*?, where d is the
feature dimension. The edge set F contains | E'| edges, which
can be represented by the adjacency matrix A € RIVI*IVI,
where A, , = 1 if and only if (u,v) € E.Let X € RIVIxd

denote the node feature matrix, and let H € RIVI*?" de-
note the node embedding matrix, where d’ is the embed-
ding dimension. In addition, we denote a set of graphs as
G ={G1,Gs,...,Gn}.

Multi-Perspective Prompts

Our prompt design is grounded in subgraph-based represen-
tations, from which different tasks can benefit from task-
specific aggregation strategies. A task instance can be a node
v € V, an edge ¢ = (u,v) € E, or an entire graph
G. Each instance is associated with a contextual subgraph
Sy = (V(Sz), E(Sz)), which serves as the structural sig-
nal for prompt construction and task-specific representation
learning.

Node-level prompts. For node-level tasks where x = v €
V, the subgraph S, is defined as the J-hop neighborhood
around v:

V(Sy) ={ueV|d(u,v) <d},
E(Sy) = {(i,j) € E|i,j € V(Su)},

ey
(@)

where d(u,v) is the shortest path distance in graph G, and
0 € Nis a predefined neighborhood radius.

Edge-level prompts. For edge-level tasks where x = e =
(u,v) € E, the subgraph S, aggregates the §-hop neighbor-
hoods of both endpoints:
V(Se) ={w eV | d(w,u) < ordlw,v) <},
E(S.)={(i,j) € E|i,j € V(Se)}.

3
“

This subgraph encodes the interaction context of the edge,
and is suitable for link prediction.
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Graph-level prompts. For graph-level tasks where z
G, the associated subgraph is the entire graph itself:

Se =G. (5)
This formulation naturally supports graph classification that
require access to global structural properties.

Methodology
Overview of Our Scheme

The architecture and workflow of the PAGPL are illustrated
in Figure 2. The ultimate goal of the proposed PAGPL is
to achieve notably robust and semantically aligned prompt
through adaptive perturbation-estimated topology recovery.
It can be divided into the following three main stages:
1) approximate reconstruction of graph structures. The ap-
proximate reconstruction of graph structures via adaptive
Bayesian estimation aims to enhance task performance by
restoring data utility under privacy constraints; 2) prompt
construction of residual noise perception. Residual noise-
sensitive prompt construction enhances the robustness of the
model to privacy perturbations by extracting informative sig-
nals; 3) progressive prompt optimization with privacy con-
sistency. By constructing multi-views with different pertur-
bations for contrastive learning, the prompt is encouraged to
maintain consistency across multiple views.

Approximate Reconstruction of Graph Structures
For a node v; in the graph G, its corresponding adjacency
links have been processed for privacy protection. Our first
step is to estimate the probability of the existence of each
link, using it as the prior probability. We use a learnable 3-
model to estimate the prior probabilities. The parameter 3
vector is initialized as: 8 = [31,032,...,0,] € R™. Each
(3; represents the importance or connectivity propensity of
node v;. The link probability p;; between nodes v; and v; is
modeled as:
_exp(Bi + Bj)
Dij = . (6)
1L+ exp(Bi + B;)

Node embeddings are extracted via a frozen, pre-trained
GNN. Based on these embeddings, we compute a similarity
matrix S = sim(H®, H)), which captures pairwise sim-
ilarities between nodes and serves as prior structural infor-
mation. To interpret these similarity scores probabilistically,
a Sigmoid function is applied to map S into a prior prob-
ability matrix P. Each entry in P represents the estimated
likelihood of an edge existing between two nodes, and is

computed as P = 0(S) = t5—gy-

In conformity with the observation matrix, the maximum
likelihood estimation (MLE) predicts the link probability p;;
and obtains a prior probability matrix P. As a result, we can
optimize the value of 3 by the MLE, which is described as
a logarithmic equation:

>

(2%

L(B)

= (ﬁij (—log (1 + exp (= (Bi + B5))))
)

+ (1 = piz) (= log (1 +exp (Bi + B;))) )
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Figure 2: The overall framework of the proposed PAGPL.

Once the prior probability matrix P is computed using
the learnable 3-model, we proceed to refine these estimates
by incorporating the noisy observed adjacency matrix as ad-
ditional evidence. For each potential link between nodes v;
and ;s the observed noisy adjacency matrix provides two

bits AZ] and Aﬂ, 1ndlcat1ng the presence or absence of the
link. Due to the privacy protection mechanism, these bits
may not directly correspond to the true existence of the edge.
As is well known, the existence of an edge can be repre-
sented as whether it flips or not. We define the probability
of edge existence as py, and depends on the privacy budget
€ used in the privacy-perturbed mechanism we can obtain
Dy = H%p(e), this parameter captures the extent of noise
introduced by the privacy mechanism.

The likelihood of observing the noisy adjacency bits
A” and Aﬂ is calculated under two key hypotheses:

”, (A, Az = (0,0),

i = A pr(L =pg),  (Aij; Aji) = (0,1) or (1,0),  (8)
(L=pp)% (A, Aj) = (1,1),
(1 _pf)2» (42']'74]'1') = (0,0),

qz/‘j = pf<1 _pf)’ (4ij74ji> = (0’ 1) or (1,0), ©)
p%a (Aij7AJl) = (L 1)-

where ¢;; represents the likelihood of observing the noisy
adjacency bits A;; and A;; assuming that an edge exists be-
tween nodes v; and v;, and qgj represents the likelihood of
observing the noisy adjacency bits /L-j and flji assuming
that no edge exists between nodes v; and v;. In Bayesian
inference, ¢;; and ¢} ; are used to update the prior probabili-
ties of edges into posterior probabilities:
dij " Pij
¢ij *pij + qi; - (1 = pij)
The posterior probability matrix of graph G is applied to

reconstruct a refined graph Gy, either by retaining probabil-
ities as edge weights or selecting top-k edges.

(10)

Py =
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Prompt Construction of Residual Noise Perception

Our prompt template design is based on transforming task
instances into subgraph similarity learning problems, which
enables the generation of diverse prompts and the construc-
tion of a universal graph prompt template. Let p denote a
learnable prompt vector, we treat each node v in the graph
as a context subgraph with a §-hop neighborhood centered
around itself, which is combined with the prompt vector.
Then, a prompt-assisted readout operation is applied to ob-
tain the combined subgraph representation s,. To further
mitigate the influence of noisy or unstable features, we in-
troduce a denoising module fy to refine the prompt-guided
subgraph representations 7, = p® h,, — fo(p® h,,). Here a
MLP is used to estimate the noise component in the prompt-
weighted features:

Jo (1)

where ® denotes the element-wise multiplication, the core
idea is to treat the raw prompt-weighted node features as
potentially noisy and apply a learnable residual correction
mechanism to suppress perturbation-induced biases. This
residual denoising formulation allows the model to preserve
useful local information while adaptively removing unstable
signals caused by perturbation or overfitting to noisy neigh-
borhoods. The denoised representations are then aggregated
to obtain the final subgraph-level representation:

s, = READOUT ({r, : v € V(S,)}) .

= MLP(p © h,),

12)

Progressive Prompt Optimization with Privacy
Consistency

To optimize the learnable prompts, we propose a joint
optimization framework that simultaneously refines the
prompt representations and enforces privacy consistency
constraints.

Based on the template of subgraph similarity, we use the
class prototype as the target for comparison. For a given
task ¢ with a labeled training set T, we define the prompt



optimization loss based on subgraph similarity between the
prompt-augmented representation of an instance and the
prototype of its class. Specifically, each class ¢ € ) is as-
sociated with a prototype vector S; ., which serves as a se-
mantic anchor representing the core pattern of that class in
the embedding space. The loss is given by:

£lask(p) = - Z IOg Z

(zi,9:)€T:

exp (Sim(S¢,z,, St,y,)/7)
. ~ b
CE);QXP(SHH(SnrivSnC)/T)

(13)

where 7 represents a temperature hyperparameter that ad-
justs the smoothness of the output distribution.

Then we propose a multi-view privacy consistency strat-
egy that assists prompt optimization, which enforces consis-
tency of prompt representations across different perturbed

views of the same node. Let 53(61) and Sg(f) denote two per-
turbed subgraphs centered at node v via different stochas-
tic privacy-perturbed mechanisms. As we all know, since
random responses randomly flip edges, the graph-structured
samples obtained are obviously different even under the
same privacy budgets. Although these views differ in struc-
tures or features, they originate from the same source node
and should encode similar semantic meaning. Therefore, the
prompt representations derived from them should be aligned
in the latent space.

exp (sim(rfl), T‘,EQ))/T)

> exp )/7)
(14)

j=1
J#i

To optimize these objectives, a joint learning scheme is
adopted. The multi-view privacy consistency augmentations
are fixed during each optimization phase, and the prompt
parameters are updated based on both the task-specific loss
and a contrastive consistency loss. Optionally, the views can
be periodically refreshed through stochastic graph perturba-
tions or sampled from a distribution consistent with the un-
derlying privacy model. The two objectives are then unified
into a single loss function for end-to-end optimization:

1 N
ﬁcons - *N Z log

i=1 e

[/

(sim(rgl)

Etolal = [flask +A- £cons> (15)
where A controls the balance between downstream task util-
ity and privacy consistency.

During the tuning of the downstream task, only the
prompts are optimized without involving parameter tuning
of the pre-trained model. The primary objective is to en-
hance task-specific performance by optimizing the learnable
prompts without altering the underlying model weights. By
freezing the parameters of the pre-trained GNN, the model
achieves a significant reduction in computational resource
consumption. This design improves both learning and infer-
ence efficiency, while preserving generalization capability
across datasets.
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Experimental Results

In this section, our experimental evaluation is designed to
answer the following research questions (RQs):

RQ1: How much better does our scheme perform com-
pared to other approaches under varying privacy bud-
gets?

RQ2: Does the proposed scheme maintain generalizable
performance across different data scales?

RQ3: What is the adaptability of our PAGPL across vary-
ing graph encoders?

RQ4: How do the main components of our scheme im-
pact the performance?

RQS: How effective are the constructed prompts in
aligning with downstream tasks?

Experimental Setup

Datasets. We adopt five real-world datasets for evalua-
tion: Cora (Sen et al. 2008), Citeseer (Sen et al. 2008),
Pubmed (Sen et al. 2008), ENZYMES (Dobson and Doig
2003), and DD (Dobson and Doig 2003). These datasets
are widely used benchmarks in GNN research, which cov-
ers diverse domains and graph structures. The experiments
are performed to evaluate the effectiveness of the proposed
scheme in three critical aspects, classification accuracy, F1
Score and AUC.

Baselines. We assess the performance of our scheme against
state-of-the-art approaches from three primary categories as
outlined below.

(1) End-to-end supervised GNNs: These methods involve
directly training a GNN model on a given task and using it to
produce the final prediction without additional processing.
we utilize three well-known GNN models, including graph
attention network (GAT) (Velickovi¢ et al. 2018), graph con-
volutional network (GCN) (Kipf and Welling 2017), and
graph sample and aggregate (GraphSAGE) (Hamilton, Ying,
and Leskovec 2017).

(2) Pre-training with fine-tuning: Deep graph infomax
(DGI) (Velickovi€ et al. 2019), and graph contrastive learn-
ing (GraphCL) (You et al. 2020) follow the “pre-train and
fine-tune” paradigm.

(3) Graph prompt learning : GPrompt (Liu et al. 2023b),
GPF (Fang et al. 2022), GPF-Plus (Fang et al. 2023) and
ProG (Sun et al. 2023a).

Effectiveness Analysis (RQ1)

In this section, we evaluate the performance of different
models under varying privacy budgets €. We conducted ex-
periments with privacy budgets ¢ € {4.0,...,10.0} on
four benchmark datasets: Cora, CiteSeer, PubMed and EN-
ZYMES. Figure 3 illustrates the accuracy of various meth-
ods within the set privacy strength range. Our proposed
scheme demonstrates a clear upward trend in performance
as ¢ increases. Importantly, even at relatively low privacy
budgets, our scheme maintains a stable and competitive per-
formance level. Compared to baseline methods, our scheme
exhibits significantly stronger robustness under low to mod-
erate privacy constraints.
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Performance over Multiple Scales (RQ2)

In this section, we investigate the impact of the number of
shots on privacy-disturbed condition across both node-level
and graph-level tasks. We set the total privacy budget ¢ =
6.0 and evaluate performance under varying shot counts, in-
cluding 1, 10, and 50-shot settings. Empirical results sup-
port this analysis in Figure 4. We observe a clear positive
correlation between the number of shots and downstream
task performance under the same privacy constraint. Accu-
racy consistently improves as the number of shots increases
from 1, 10, and 50-shot settings. However, the marginal
gain diminishes, and the relative improvement is more dra-
matic between 1-shot and 10-shot than between 10 and 50,
which suggests a possible saturation effect. This finding

highlights a crucial trade-off in privacy-aware few-shot sce-
narios: while increasing the number of shots improves learn-
ing, it also increases the cumulative privacy cost if each sam-
ple access is considered under differential privacy account-
ing.

Transferability across Graph Encoders (RQ3)

To assess the transferability of our scheme across differ-
ent GNN backbones, we conduct experiments under a fixed
privacy budget ¢ = 10.0 and a 5-shot learning setting. As
shown in Table 1, our scheme consistently achieves compet-
itive and superior performance across a diverse set of graph
encoders, including GCN, GAT, and GraphSAGE. Despite
architectural differences in message-passing mechanisms
and inductive biases, the proposed PAGPL demonstrates
strong adaptability. This indicates that the subgraph-based
privacy-aware prompt design generalizes well across het-
erogeneous encoders, which effectively decouples prompt
learning from specific GNN architectures.

Ablation Study (RQ4)

In this section, we compare our complete framework with
three variants: “w/o rec” refers to the prompt scheme
without the reconstructed graph by adaptive structure-wise
Bayesian estimation; “w/o ap” is the prompt construction
scheme without the privacy-aware module; “w/o jo” refers
to the scheme that directly performs prompt tuning without
joint optimization. Figure 5 illustrates the performance of
our scheme and its various variants on both node-level and
graph-level tasks. It can be observed that the “w/o rec” vari-
ant suffers a substantial performance drop, indicating that

22252



GPL  GNNs | Cora | CiteSeer | PubMed | ENZYMES | DD
| Accc F1 AUC| Acc F1 AUC| Acc F1 AUC| Acc F1 AUC| Acc F1 AUC
GAT 35.25 34.13 62.22(30.25 31.14 65.48|34.29 32.82 55.54|29.62 31.86 32.23|62.26 59.27 68.51
GPF-Plus GraphSAGE |40.27 38.32 61.2129.21 25.03 68.91|36.71 37.53 56.02|27.31 25.06 34.11|65.62 63.13 69.02
GCN 38.72 35.22 67.23(32.22 29.11 67.52|35.27 33.19 55.13|29.25 28.02 35.23|67.72 65.25 70.21
GAT 35.15 34.32 67.21|29.51 29.13 54.42|34.27 32.18 55.52|31.16 31.82 32.23|62.61 50.27 68.52
GPrompt GraphSAGE | 40.27 35.31 69.11|26.13 25.01 58.29|32.71 34.25 56.01|33.32 32.01 34.12|65.61 53.23 71.07
GCN 37.44 34.60 67.23|28.73 26.37 59.96 |34.33 33.38 51.32|33.15 31.02 35.32|67.72 55.15 70.22
GAT 4525 40.39 67.12(30.51 29.14 64.47|34.22 32.81 55.52[29.65 27.81 32.32|64.68 60.17 68.25
ProG GraphSAGE | 39.75 38.43 71.11[32.18 25.01 68.92]36.79 36.55 56.01|31.37 30.02 34.11|65.61 61.32 68.04
GCN 4235 37.31 74.79 (31.04 24.43 62.25|37.69 35.71 56.56|30.45 28.01 37.34|67.17 59.15 71.24
GAT 55.51 51.37 67.28|53.25 51.18 64.43|45.27 44.83 65.54|39.87 37.81 42.32|77.61 64.78 78.25
Ours GraphSAGE | 52.74 48.32 71.11|56.18 57.54 77.91|42.47 39.51 66.03 |37.33 35.02 44.71|75.61 63.43 76.08
GCN 56.81 52.37 75.78 |57.29 57.40 76.17|49.11 43.53 61.18|39.76 35.53 45.31|78.06 66.13 78.21
Table 1: Performance (%) of different GNNs under the 5-shot setting with a privacy budget of € = 10.0.
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Figure 6: Visualization of node representations under perturbation conditions.

the reconstructed graph plays a vital role in enabling effec-
tive prompt construction. This is because the learnable re-
construction compensates for missing or obfuscated struc-
tural information caused by privacy mechanisms. Overall,
these results verify that each proposed module contributes
significantly to the overall effectiveness of our framework.

Prompt Validity Analysis (RQS5)

To qualitatively assess the effectiveness of different schemes
under privacy-preserving perturbations, we visualize the
prompt representations via UMAP in Figure 6. Our scheme
clearly forms well-separated clusters with compact intra-
class distributions and minimal inter-class overlap. This ob-
servation indicates that the proposed privacy-aware GPL ef-
fectively captures task-relevant semantics, even in the pres-
ence of strong noise and structural perturbations. The con-
sistent geometry across clusters further suggests improved
stability and robustness, as the learned representations re-
main resilient to noise-induced variations while preserving
class-discriminative information.

Conclusion

In this paper, we propose a novel privacy-aware graph
prompt learning, which overcomes the limitations of topo-
logical prompt generation when dealing with privacy-
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perturbed graphs. The main conclusions can be drawn from
this research work as follows: 1) the adaptive structure-wise
Bayesian estimation effectively reconstructs the privacy-
noise graph structures; 2) the prompt construction for sup-
pressing residual noise and the progressive privacy consis-
tency optimization achieve resilient alignment with down-
stream tasks; 3) this work provides a novel viewpoint for
GPL, specifically how to effective handle downstream tasks
in few-shot settings under privacy noise; and 4) comprehen-
sive experiments show that our proposed scheme demon-
strates robust adaptability to different privacy budgets and
shot numbers. These results show promising performance in
privacy-disturbed scenarios, effectively mitigating the im-
pact of privacy constraints on GPL. In the near future, we
plan to explore the application of GPL in multi-agent sys-
tems.
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