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Abstract

Few-shot graph learning remains a fundamental yet chal-
lenging problem, especially under heterophilic graph settings
where connected nodes are likely to belong to different classes.
In such scenarios, two key challenges arise: (1) unreliable or
noisy graph structures that hinder effective message passing,
and (2) semantic inconsistency: in heterophilic graphs, aggre-
gating messages from neighbors of different classes entangles
representations and introduces misleading semantics. These
issues are further exacerbated by the limited labeled data in-
herent to few-shot learning, making it difficult to adaptively
repair structure or disentangle semantics. To address these
challenges, we propose DAPrompt, a Dual Alignment Prompt
framework that jointly calibrates graph structure and semantic
representations across the learning pipeline. In the pretraining
stage, DAPrompt incorporates a graph structure learning mod-
ule to denoise and repair the underlying topology, enhancing
structural reliability. In the prompt tuning stage, we introduce
two coordinated modules: a structure-aware prompt learner,
which employs prompt tokens to repair unreliable graph struc-
tures and capture structure-level alignment, and a semantics-
aligned prompt learner, which enhances the graph using tar-
get node semantics to mitigate representation noise caused
by class-mismatched propagation. Extensive experiments on
both node-level and graph-level few-shot benchmarks validate
its effectiveness, achieving state-of-the-art performance and
highlighting the value of structure-semantic dual alignment in
heterophilic few-shot graph learning.

Code — https://github.com/JLifan/DAPrompt

1 Introduction

Graph Neural Networks (GNNs) (Wu et al. 2019; Gilmer
et al. 2017) have emerged as powerful models for learning on
graph-structured data due to their ability to capture complex
node relationships (Han et al. 2025). However, their train-
ing usually demands substantial labeled data, which is often
costly or infeasible in domains such as social computing or
molecular chemistry. This challenge is particularly severe in
few-shot graph learning (Zhang, Ding, and Li 2025), where
labeled instances are extremely scarce. To address this, recent
studies on graph pretraining (You et al. 2020; Hou et al. 2022;
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Figure 1: Motivation Example: Mitigating Representation
Corruption via Structure Rewiring and Semantics Enhancing.

Xia et al. 2022a) learn transferable representations from unla-
beled data before fine-tuning on downstream tasks, achieving
notable gains under label-scarce settings.

Despite the success of pretraining methods in graph learn-
ing, one significant limitation is the presence of the objective
gap (Li et al. 2023; Fang et al. 2023). Pretraining tasks, e.g.,
node feature prediction (Hou et al. 2022) or graph struc-
ture reconstruction (You et al. 2020), are often poorly aligned
with downstream objectives, e.g., node or graph classification.
This misalignment hampers the effectiveness of knowledge
transfer, as the learned representations may not fully capture
the task-specific nuances for fine-tuning. This problem be-
comes even more pronounced in few-shot settings, where the
model has to adapt to new tasks with limited labeled data.

To mitigate this gap, recent studies have introduced prompt
learning into graph representation learning. Methods (Liu
et al. 2023; Sun et al. 2023, 2022; Yan et al. 2025) employ
learnable prompt tokens to guide model adaptation to down-
stream tasks. By injecting task-relevant prompts into the input
space or model architecture, they help the model focus on
salient semantic and structural cues and alleviate the misalign-
ment between pretraining and fine-tuning. This paradigm
shows strong potential in few-shot settings by making more
effective use of limited supervision.



Although prompt learning has made notable progress in
alleviating the objective gap, existing methods still struggle
with the challenges of few-shot graph learning under het-
erophilic conditions, in which connected nodes often belong
to different classes, violating the homophily assumption com-
monly adopted by GNNs and prompt-based methods.

As illustrated in Figure 1, when a heterophilic graph under-
goes message passing and aggregation, semantic information
from neighbors belonging to diverse classes may lead to
corrupted node representations (highlighted in blue), ulti-
mately resulting in unreliable predictions. This degradation,
as seen in the transition from the original graph (Figure 1(a))
to its propagated form under a standard GNN (Figure 1(b)),
primarily stems from two key factors:

(1) Unreliable graph structures: The original topology
may contain noisy or missing edges, preventing the message-
passing process from capturing reliable node representations
and thus leading to misleading propagation that degrades
prompt-based adaptation.

(2) Semantic inconsistency: In heterophilic graphs, neigh-
boring nodes often belong to different classes, which makes
them tend to reside in distinct semantic spaces. As shown in
Figure 1(b), aggregating messages from such neighbors leads
to entangled representations, where task-relevant semantics
are diluted or overridden by misleading signals.

To address the challenges of few-shot graph learning un-
der heterophilic conditions, we propose a unified frame-
work, DAP rompt, which integrates structure-aware pretrain-
ing and prompt-based downstream tuning. In the pretrain-
ing stage, we devise a structure reconstruction strategy that
jointly optimizes the encoder and graph topology, enabling
the GNN backbone to learn robust structural priors from
noisy graphs (for addressing CH1). During downstream
tasks, DAPrompt employs two specialized prompt learn-
ers. First, the structure-aware prompt learner dynamically
rewires the graph to improve connectivity and facilitate ef-
fective message propagation (see Figure 1(c)). Second, the
semantics-aligned prompt learner injects learnable seman-
tic tokens into each subgraph. These tokens interact bidi-
rectionally with the target node to capture task-relevant se-
mantics, and then broadcast this information unidirectionally
to other nodes, promoting semantic consistency across the
subgraph (for addressing CH2; see Figure 1(d)). Together,
these components form a cohesive and robust framework for
learning under both structural noise and scarce supervision.

To the best of our knowledge, this is the first work to
simultaneously address both structural unreliability and se-
mantic inconsistency in few-shot graph learning. Our main
contributions are as follows:

(1) We identify two key challenges in few-shot graph learn-
ing: unreliable graph structures and semantic inconsistency,
particularly under heterophilic conditions.

(2) We propose a unified framework that integrates
structure-aware pretraining with two specialized prompt
learners, i.e., a structure-aware module for topology refine-
ment and a semantics-aware module for space alignment.

(3) We conduct extensive experiments on both node- and
graph-level benchmarks, demonstrating the superiority of
DAPrompt over existing pretrain and prompt methods.
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2 Related Work

Graph Pretraining. Inspired by the success of pretraining
in NLP (Beltagy, Lo, and Cohan 2019; Dong et al. 2019) and
vision (Lu et al. 2019; Bao et al. 2021), graph pretraining
has gained attention as a way to extract structural and se-
mantic knowledge from unlabeled graphs (Xia et al. 2022b).
Existing methods can be broadly categorized into edge-level
modeling and contrastive learning. Edge-based methods typ-
ically predict missing or corrupted links (Kipf and Welling
2016; Long et al. 2022), or detect important structural pat-
terns (Jin et al. 2020), thereby enhancing structural awareness.
In contrast, contrastive learning techniques aim to maximize
agreement between different graph views (You et al. 2020;
Zhu et al. 2020; Zhang et al. 2024), or improve robustness via
perturbation (Xia et al. 2022a; Zhao et al. 2024) and masked
reconstruction (Hou et al. 2022).

Graph Prompt Tuning. Recently, prompt tuning has been
widely explored in NLP as an efficient alternative to full fine-
tuning (Brown et al. 2020; Lester, Al-Rfou, and Constant
2021; Liu et al. 2024). This idea has also been extended to
graphs to enhance the adaptability of pretrained graph models
to downstream tasks. GPPT (Sun et al. 2022) reformulates
link prediction pretraining into node classification by inject-
ing task-specific and structural cues through prompt tokens.
ProG (Sun et al. 2023) appends learnable node-level prompts
to each subgraph and connects them to the original graph
via feature similarity, facilitating task adaptation. Graph-
Prompt (Liu et al. 2023) proposes a similarity-preserving
pretraining objective and introduces a prompt-based trans-
formation after the readout layer to support both node and
graph classification. HeterGP (Yan et al. 2025) incorporates
both homophilic and heterophilic views into the prompting
process to better address heterophilic graph structures. Nev-
ertheless, a key challenge remains in jointly aligning the
structural and semantic spaces of graphs during prompting,
ensuring consistency between the injected prompts and the
underlying task-relevant information.

3 Preliminary and Problem Formulation

Unified Subgraph Classification. Here, we refer to sub-
graph classification as a unified abstraction that covers both
node-level and graph-level. Node classification and graph
classification are two fundamental tasks in graph-based learn-
ing. The former focuses on predicting labels for individual
nodes within a single graph, while the latter assigns labels
to entire graphs. According to the formulation in (Sun et al.
2023), both tasks are unified under a common perspective
by treating them as subgraph classification problems. This
abstraction provides a consistent basis for prompt-based mod-
eling across different levels of granularity.

For node classification, the input is a subgraph G, =
(Vs, Es) centered at a target node v;, where Vi, = Nk (v;) U
{v;} includes the K -hop neighbors of v;, and Fs = {(u,v) |
u,v € Vi } denotes the edges among them. Although the orig-
inal goal is to predict the label of v;, this task can be equiv-
alently reformulated as predicting the label of G, which
reflects the class of the target node.

For graph classification, we treat the entire graph G =
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Figure 2: The pipeline of DAPrompt.

(V,E) as the subgraph input, i.e., Gs = G, and the task
is to predict the label of the graph. Note that, in the case
of graph classification, to maintain consistency with the
unified subgraph formulation, we designate the node with
the highest degree as the target node, denoted by vy =
arg max,cy deg(v), where deg(v) is the number of edges
incident to node v.

The goal in both cases is to learn a function fy that maps

the subgraph G to its corresponding label. The final predic-
tion g; is obtained by applying a readout function over the
node representations th) s u € Vg, followed by a classifier,
ie., g; = Classiﬁer(Readout(h&K) cu € V).
Few-shot Graph Learning. We now describe the prob-
lem formulation of few-shot graph learning. Given a col-
lection of subgraphs {G1,Gs,...,GN}, where each sub-
graph G; = (V;, E;) is associated with a node feature matrix
X; € RIVilxd and a label y; € Y, the objective is to train a
model that can generalize from a limited number of labeled
subgraphs to correctly classify unseen ones.

Under the K-shot QQ-query setting, a support set Dg =
{(Gs1,y1),- -, (GsmsYm)} is provided, where m = K x C
consists of K labeled subgraphs per class across C classes.
Alongside, a query set Do = {(Gq1,y1), -, (Ggn,Yn)} is
given, where each query subgraph G ; has an unknown label
Yqi- The model must predict y,; using the information from
the support set.

4 Method

In this section, we introduce our proposed framework,
DAPrompt. As shown in Figure 2, the framework consists
of three sequential stages:

(1) Pretraining Stage: A GNN backbone is pretrained with
a graph structure learning strategy to capture transferable
structural representations in an unsupervised manner.

(2) Prompt Tuning Stage: Structure-aware and semantics-
aligned prompt tokens are optimized on few-shot support sets
to improve structural robustness and semantic consistency.

(3) Prediction Stage: The fine-tuned backbone and prompt
tokens are jointly applied to classify unseen query subgraphs.
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4.1 Pretraining Stage

The pretraining stage alleviates label scarcity via structural
self-supervision. While prior methods (Jin et al. 2020; Xia
et al. 2022a) assume a reliable graph topology, this often
fails under heterophilic or noisy settings (Wang et al. 2021).
To address this, we adopt a graph structure learning (GSL)
strategy (Liu et al. 2022) that jointly optimizes the backbone
and graph structure. As shown in Figure 2, a structure learner
rewires the input graph based on semantic similarity, and
both original and rewired graphs are encoded in parallel. A
contrastive loss aligns their representations, enabling robust
structure-aware embedding learning.

Formally, given an input graph G = (V, E) with node
features X € RV and adjacency matrix A € RV*N,
our goal is to learn a refined adjacency matrix A that bet-
ter captures semantic similarity between nodes. To this end,
we employ a structure learner Sy, which takes (X, A) as
input and produces node embeddings E = S4(X,A). In
our implementation, Sy is instantiated as a stack of GCN
layers (Kipf 2016).

Based on these embeddings, we compute a similarity ma-
trix S € RY*N using cosine similarity:

E; -E;

Sy = e,
T Bl

ey
where S;; € [—1, 1] reflects the semantic closeness between
nodes ¢ and j. A binarization step with a fixed threshold is
applied to S to obtain the refined adjacency matrix A, which
preserves sparsity and enhances structural quality.

To gradually refine the graph topology, we update the
original adjacency matrix A using the similarity matrix S via
a momentum-based rule:

A+aA+(1—a)-S, )

where « € [0, 1] controls the update strength. A binarization
step is then applied to preserve sparsity and ensure stable
structural refinement.

We pass both the original graph (X, A) and the rewired
graph (X, A) into a shared GNN backbone fy, yielding
two sets of node embeddings: Z = fy(X,A) and Z' =



fo(X, A). To learn structure-invariant and noise-robust rep-
resentations, we adopt a symmetric contrastive objective:

1 N

2N

i=1

[fcon = (E(ZZDZ{L) +£<Z;7Zl>> ’ (3)

where
exp (sim(Z;, Z%) /1)

0Z;,Z) = log . )
Z;V:l exp (sim(Z;, Z;)/T)

“

Z,-Z
. o ZiZ . T .
and sim(Z;,Z%) = ZL T2 1 the cosine similarity, with 7

being a temperature parameter. The term ¢(Z}, Z;) is com-
puted analogously by reversing the roles of inputs.

The pretraining process, detailed in Appendix A, enables
the GNN backbone to capture intrinsic semantics while re-
ducing the influence of noisy or heterophilic edges through
iterative structure refinement and contrastive learning.

4.2 Prompt Tuning Stage

While the pretraining stage improves the GNN backbone’s
robustness to noisy structures, such imperfections still hinder
downstream tasks, especially under heterophilic conditions.
To further enhance task adaptation in the few-shot setting, we
design a prompt-based fine-tuning framework from two per-
spectives: a structure-aware prompt learner, which rewires
the subgraph to repair noisy connectivity, and a semantics-
aligned prompt learner, which injects tokens to propagate
the target node’s semantics across the subgraph. Together,
these modules guide the model toward more structure-aware
and task-relevant representations under limited supervision.
Structure-aware Prompt Learner. In real-world graphs,
noisy and heterophilic edges often disrupt effective message
passing, degrading performance in downstream tasks such
as node and graph classification. To mitigate this, we devise
a structure-aware prompt learner that dynamically rewires
subgraph topology during fine-tuning. As shown in Figure 2,
a set of learnable structure prompt tokens is injected into each
subgraph, acting as topological anchors that adaptively influ-
ence neighborhood connectivity. This refinement enhances
robustness to unreliable edges and complements the GNN
backbone through end-to-end supervision.

Formally, given an input subgraph G5 = (V;, E;) with
node features X, € RV*? we introduce a set of learn-
able structure prompt tokens P, € RXw*d which are
appended to X to form an extended representation. We
then compute pairwise cosine similarities among all nodes,
including prompt tokens, to construct a similarity matrix
Sy € RVHKuw) X (N+Ku)

We threshold the similarity matrix S, to obtain a sparse
auxiliary adjacency matrix, which is added to the origi-
nal adjacency A ;. The result is passed through a sigmoid
function and binarized to yield the final rewired adjacency
Ay € {0, 1}(N+K“")X(N+K*”), defining a new subgraph
G, = (V!, E.) with V] = VU P,.. This process enables the
model to refine subgraph connectivity by integrating struc-
tural priors with learned prompt-based relations.
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Semantics-aligned Prompt Learner. To improve semantic
consistency within subgraphs, we propose the semantics-
aligned prompt learner, which propagates the target node’s
semantic information to its neighborhood. Unlike standard
GNN aggregation that treats all nodes uniformly or relies
solely on topological proximity, this module injects a set
of learnable semantics prompt tokens to encode and broad-
cast the target node’s latent representation to surrounding
nodes. This design is particularly beneficial in heterophilic or
noisy graphs, where semantic distortion often occurs during
message passing. In both node and graph classification tasks
reformulated as subgraph classification, the target node plays
a central role in prediction, yet its representation may be di-
luted by global aggregation operations such as Readout. By
introducing semantics-aligned prompt tokens, we explicitly
align the subgraph representation with the semantics of the
target node.

Let x; € R? denote the feature of the target node
in a subgraph G5. We initialize Ky, semantics tokens
{s1,...,5K,,} € REw=n>d where K, defaults to the num-
ber of classes. These tokens are learnable parameters that are
optimized during fine-tuning. To absorb semantic informa-
tion, each token interacts with the target node via bidirec-
tional message passing:

S;c = F(sk,%xt), x,/g = F(x¢,86), Vke{l,...,Ksem}, (5

where F (-, -) denotes a message passing function.

To propagate semantics, we then apply unidirectional mes-
sage passing from each updated semantics token to the rest
of the subgraph nodes x; with ¢ # ¢:

x; = F(xi,8;), Vi#t, Veke{l,...,Kem}. (6)

This mechanism allows the semantics of the target node to
guide the representations of all nodes within the subgraph.

This directional design ensures that semantics tokens act

as focused information broadcasters, encoding and dissemi-
nating target-specific information throughout the subgraph
while avoiding contamination from noisy edges. As illus-
trated in Figure 2, the semantics tokens first interact with the
target node to absorb task-relevant semantics and then propa-
gate this information outward to other subgraph nodes. This
mechanism facilitates the learning of more discriminative and
semantically aligned subgraph representations, particularly
under structurally unreliable conditions.
Prompt Tuning Objective. To optimize the prompt learners
effectively for downstream subgraph classification, we design
a composite loss function consisting of three parts: (1) the
task-specific loss, (2) the semantic prompt diversity loss, and
(3) the structural prompt diversity loss.

(1) Task-specific Loss: For each subgraph, we apply a
classification loss based on the representation h obtained
via graph-level readout. Specifically, the classification loss is
defined as the standard cross-entropy loss:

Leos = CE(fClS(hG)7 y); @)

where f is a task-specific classifier, y is the ground-truth
label of the subgraph, and h; is the global pooled represen-
tation of the subgraph.



(2) Semantic Prompt Diversity Loss: To encourage the
semantics tokens to encode distinct semantic concepts and
avoid redundancy, we regularize them to be as orthogonal
as possible. Let Py € RXsem*d be the semantic prompt
matrix containing K., tokens of dimension d. We first
normalize the prompt embeddings and then minimize the
mean of pairwise cosine similarities excluding self-similarity:

Psi ' st

1
sem
v = i 5 1 ) &
a Ksem(Ksem - 1) ; (”PSiHQ ' |st||2>

which penalizes semantic overlap and promotes the diversity
of prompt representations.

(3) Structural Prompt Diversity Loss: Similarly, for the
structure-aware prompt tokens P, € R%srxd e impose
the same regularization to avoid mode collapse and encourage
token-level structural specialization:

Pri ) Prj

1
str
- 3 )
¢ Kstr(Kstr - 1) its (HPri2 . ||Pl‘j|2>

Overall Objective: The total optimization objective com-
bines the three terms with balancing coefficients A; and As:

Etotal = Lcls + )‘1‘63?\[/“ + /\2 illll;/ (10)

This overall loss ensures that the learned prompts are not
only task-effective but also diverse and semantically disen-
tangled. The full pipeline of the prompt-based fine-tuning
stage, which incorporates both structure-aware and semantics-
aligned prompt learners, is detailed in Appendix A.

4.3 Prediction Stage

As illustrated in Figure 2, during the prediction stage, we
augment the test-time subgraph Giyp, With the learned struc-
ture and semantics prompts to obtain Gpanip, Which is then
processed by the fine-tuned backbone fj and a classification
head fs to produce the final prediction:

]Q = fcls(READOUT<f0(gmanip)))~ ¢ 1)

This enables robust inference even under heterophilic or noisy
graph conditions.

4.4 Discussion

We provide an in-depth analysis of the proposed DAP rompt
framework by examining the design principles and observed
behaviors of its two core components: the structure-aware
prompt learner and the semantics-aligned prompt learner.
Discussion on Graph Rewiring Strategies. Ideally, GNNs
achieve optimal performance on an oracle graph with adja-
cency A* and features X*:

f(A*, X*) yields optimal performance. (12)

However, in heterophilic graphs, the observed A and X are
often noisy or misaligned.

As shown in (Alon and Yahav 2020), for any transforma-
tion g(A, X), there exists a prompt p such that:

A X +p) = f(9(A, X)) + Oy, (13)
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indicating that one can approximate the effect of graph trans-
formation through learned prompts with bounded error.

Works like ProG exploit this by inserting a prompt graph
G, into the original graph, effectively pushing the model’s
input toward a better feature distribution X*. This is achieved
via:

F(G+Gy)) = FIAXY) + O FC. (14)
However, this method leaves the original structure A un-
touched, meaning that the model still suffers from message-
passing over noisy or irrelevant edges. In other words, it only
moves the representation toward X* but not A*.

In contrast, our method explicitly manipulates the graph
structure itself through a combination of edge addition and
edge deletion:

F@(G +GF —G7)) = F(A*,X*) + OPAFromt - (15)

This structure-aware prompting not only enriches the features
but also rewires the graph topology to better approximate A*.
Empirically, we observe that this rewiring mechanism

yields tighter alignment with the ideal decision boundary and

. o . DAPrompt
results in a smaller approximation error, i.e., O, rompt

Of JZ’OG, demonstrating the superiority of rewire-based struc-
ture correction over simple prompt graph insertion.
Discussion on Semantic Alignment Strategies. To clarify
the role of semantic tokens, we compare six design variants.

Collective Token, the simplest variant (Figure 3(a)),
enhances global representation at the readout stage, lever-
aging learned semantics. Interaction Token (Fig-
ure 3(b)) introduces bidirectional interaction with the tar-
get node, but shows limited improvement, suggesting its
marginal utility.

For propagation, Disordered Token (Figure 3(d)) ag-
gregates noisy neighbor messages and harms performance. In
contrast, Broadcasting Token (Figure 3(e)) uses one-
way propagation to pass target-node semantics outward, im-
proving consistency and yielding the best results.

Then, we evaluate the Disordered Interaction
variant (Figure 3(f)), which allows bidirectional exchange
with neighbors, thereby polluting the semantic space. Our
method, in contrast, avoids this by maintaining a unidirec-
tional influence.

Finally, Selective Propagation (Figure 3(c)) lim-
its propagation to tokens most similar to the target, delivering
strong empirical performance as an effective alternative.



Task Dataset #G  Avg. #N  Avg. #E #F #C LHR

Cora 1 2,708 10,556 1,433 7 0.81
CiteSeer 1 3,327 9,104 3,703 6 0.74
PubMed 1 19,717 88,648 500 3 0.80
Texas 1 183 325 1,703 5 0.09
NC Wisconsin 1 251 515 1,703 5 0.19
Cornell 1 183 298 1,703 5 0.13
Actor 1 7,600 30,019 932 5 0.22
Chameleon 1 2,277 36,101 2,325 5 0.23
Squirrel 1 5,201 217073 2,089 5 0.22
ENZYMES 600 32.6 124.3 3 6 0.67
PROTEINS 1,113 39.1 145.6 3 2 0.66
GC MUTAG 188 17.9 39.6 7 2 0.72
COox2 467 41.22 43.45 35 2 0.41
BZR 405 35.75 38.36 53 2 0.41

Table 1: Summary of node classification (NC) and graph
classification (GC) datasets

5 Experiment

In this section, we present extensive experiments to answer
the following questions: RQ1: How does DAPrompt per-
form on few-shot node classification tasks compared to ex-
isting baselines? RQ2: How does DAPrompt perform on
few-shot graph classification tasks compared to existing base-
lines? RQ3: How does each component of DAP rompt con-
tribute to the overall performance?

5.1 Experimental Settings

Dataset. We evaluate DAPrompt on both node-level and
graph-level few-shot classification tasks. For node classi-
fication (NC), we utilize 9 datasets covering homophilic
(Cora (Yang, Cohen, and Salakhudinov 2016), CiteSeer
(Yang, Cohen, and Salakhudinov 2016), and PubMed) and
heterophilic (Texas, Wisconsin, Cornell, Actor (Pei et al.
2020), Chameleon (Pei et al. 2020), and Squirrel (Pei et al.
2020)) settings, with varying structures, label homophily ra-
tios, and feature dimensions. For graph classification (GC),
we evaluate on 5 standard benchmarks: ENZYMES (Wang
et al. 2022), PROTEINS, MUTAG, COX2, and BZR. These
datasets differ in graph sizes, class distributions, and domain
semantics (e.g., bioinformatics and chemistry), making them
suitable for testing the generalization ability of our model on
few-shot graph-level tasks.

The detailed statistics of all datasets are summarized in Ta-
ble 1, including the number of graphs (#G), average number
of nodes (Avg. #N), edges (Avg. #E), features (#F), classes
(#C), and the label homophily ratio (L.H.R).

Baselines. We compare DAP rompt with three categories of
baselines: (1) supervised models, including GCN, GAT, GT,
GraphSage, and GeomGCN; (2) pre-training + fine-tuning
methods, including EdgeMask, GraphCL, GraphMAE, Sim-
GRACE; and (3) pre-training + prompt-tuning methods, in-
cluding GraphPrompt, ProG, GPPT, HeterGP, and our full
model. Further descriptions of baselines and implementation
details are provided in Appendix B.

Metrics. We adopt accuracy as the primary evaluation metric
for both few-shot node and graph classification tasks. Experi-
ments are conducted under 1-shot and 5-shot settings, and all
results are averaged over 10 independent runs with different
sampled episodes.
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5.2 Overall Comparison (RQ1 & RQ2)

Node Classification Results. As shown in Table 2, un-
der the 5-shot setting, our method consistently outperforms
prior state-of-the-art methods on all benchmark datasets,
demonstrating strong generalization ability across diverse
graph structures. Although the datasets differ in structure
and semantics, our method maintains consistently strong
performance throughout. In the more challenging 1-shot set-
ting, where supervision is extremely limited, our method
remains effective, achieving superior or comparable results
on most datasets. Notably, the performance gains are more
pronounced on datasets with lower L.H.R, highlighting the
method’s particular strength in heterophilic scenarios charac-
terized by structural noise and semantic inconsistency.
Moreover, in terms of best-performing counts across all
datasets, our method achieves the highest number of top-
ranking results in both 5-shot and 1-shot settings, outper-
forming all baselines. These results validate the robustness
and adaptability of our method under both homophilic and
heterophilic conditions.
Graph Classification Results. We evaluate our method on
five benchmark datasets: ENZYMES (L.H.R = 0.67), PRO-
TEINS (0.66), MUTAG (0.72), COX2 (0.41), and BZR (0.41).
As shown in Table 3, under the 5-shot setting, our method
achieves the best performance on PROTEINS, MUTAG, and
COX2. In the more challenging 1-shot setting, it achieves
state-of-the-art results on four out of five datasets, with the
exception of ENZYMES. These results further validate the
effectiveness of our method in few-shot graph classification.
In addition, our method consistently achieves the highest
number of wins compared to any single baseline across both
settings, demonstrating superior generalization ability. No-
tably, the improvements are especially pronounced on low-
homophily datasets such as COX2 and BZR, confirming the
robustness of our design under heterophilic conditions.

5.3 Ablation Experiment (RQ3)

To better understand the effectiveness of each design choice
in our framework, we conduct ablation studies from two
perspectives: the contribution of individual components and
the impact of different GNN backbones.

Ablation on Model Components. Figure 4 presents the abla-
tion results by removing each core component of DAPrompt.
We observe that all components make meaningful contribu-
tions to the overall performance. Notably, the pretraining
module and the structure-aware prompt learner yield substan-
tial improvements on homophilic datasets, indicating their
effectiveness in repairing unreliable graph structures. In con-
trast, the semantics-aligned prompt learner shows greater im-
pact on heterophilic datasets, highlighting its critical role in
aligning semantics across structurally inconsistent neighbor-
hoods. These findings validate the necessity of each module
and demonstrate the complementary strengths of structural
and semantic alignment in our framework.

Ablation on Backbones. Figure 5 illustrates the performance
of DAPrompt when integrated with different GNN back-
bones. We observe that GCN consistently delivers the best
overall performance across datasets, while GAT also per-
forms strongly on most benchmarks. In comparison, GT,



Dataset | Supervised \ Pre-train + Finetune \ Pre-train + Prompt
\ GCN GAT GT GraphSage GeomGCN \ EdgeMask  GraphCL GraphMAE SimGRACE\GraphPrompt ProG GPPT HeterGP Ours
5-shot
Cora 67.29 +£0.96 65.11 +0.73 64.97 + 1.15 66.54 + 0.88 67.52 + 0.96|67.81 + 0.64 66.47 + 0.82 63.73 + 0.58 64.33 + 1.00| 60.69 + 0.84 68.70 + 0.94 62.45 + 0.92 69.87 + 1.06 70.08 + 0.72
CiteSeer [46.76 + 1.18 47.99 + 0.68 45.13 + 1.03 46.95 + 0.64 45.40 + 0.76|48.79 + 0.48 41.34 + 0.74 44.04 + 0.88 41.16 £ 0.90| 36.12 £ 0.71 49.18 +0.81 41.49 + 1.23 49.60 + 1.93 52.30 + 0.73
PubMed  |67.88 +0.98 66.35 + 1.17 65.85 + 1.44 65.85 + 1.49 67.79 + 1.09]67.53 £ 0.99 65.98 + 1.02 66.60 + 1.30 66.73 + 1.12| 65.99 + 0.72 60.27 + 1.07 43.45 + 1.50 65.49 + 0.85 67.99 + 1.23
Chameleon|28.32 + 1.01 27.93 + 0.46 28.70 + 0.61 28.44 + 0.66 24.92 + 0.94|28.22 + 0.84 27.72 + 0.67 28.29 + 0.97 27.22 + 0.87| 26.14 + 0.86 26.20 + 0.91 28.33 +0.67 28.51 + 0.78 29.72 + 0.77
Actor 20.73 +0.68 20.89 + 1.20 20.83 + 0.88 20.66 + 0.84 20.42 + 0.63|20.52 + 0.70 20.36 + 0.86 20.31 + 0.77 20.28 + 0.82| 20.66 + 1.00 20.53 +0.90 20.32 + 0.62 19.62 + 0.58 21.56 + 0.55
Squirrel  |21.53 £0.68 21.42 + 0.65 21.52 + 0.75 21.75 + 0.89 23.78 + 0.66|22.08 + 0.59 21.81 £ 0.60 21.70 + 0.87 21.49 £ 0.91| 21.36 + 0.55 21.44 + 0.59 22.35 +0.83 21.38 + 0.76 24.63 + 0.68
Wisconsin |36.79 +0.93 37.34 + 0.86 40.14 + 1.10 40.61 + 0.90 34.51 + 0.87|37.20 + 0.91 36.94 + 0.88 36.88 + 0.56 36.95 + 1.16| 34.90 + 1.08 36.66 +0.99 33.72 + 0.88 34.65 + 0.97 59.31 + 1.26
Cornell 30.40 £ 1.22 30.12 + 0.80 35.79 + 1.31 35.44 + 1.00 26.99 + 0.72|30.38 + 1.40 29.71 + 1.11 30.42 + 0.83 29.40 + 1.22] 29.04 + 0.98 30.67 + 1.01 28.05 + 0.97 26.58 + 0.74 51.23 + 0.71
Texas 30.03 £0.99 29.64 + 0.89 33.90 + 1.22 34.25 + 1.18 29.13 + 0.60(29.85 £ 0.96 29.42 + 0.95 30.05 + 0.94 29.72 + 0.99| 28.66 + 0.81 31.72+0.83 29.83 +0.67 31.43 +0.77 54.54 + 0.83
1-shot

Cora 33.46 £ 1.08 35.75 + 0.96 35.87 + 1.12 36.63 + 0.87 32.63 + 1.03|37.10 £ 0.87 28.03 + 0.77 33.72 + 0.54 27.66 + 0.80| 28.71 £ 0.67 38.77 + 1.18 34.67 +0.92 46.57 + 1.21 36.79 + 0.73
CiteSeer  |26.74 +1.15 27.00 + 1.28 26.02 + 0.90 27.39 + 1.02 25.55 + 1.31|30.16 + 1.80 22.79 + 1.04 24.81 + 1.02 22.97 + 0.86| 20.89 + 0.65 30.28 + 1.31 25.19 + 1.02 32.05 + 0.91 29.63 + 1.23
PubMed  [49.65 +2.25 49.80 + 1.84 47.95 + 1.87 48.57 + 2.07 47.05 + 2.03|53.63 + 1.72 48.87 + 1.88 49.37 + 1.74 48.56 + 2.05| 48.36 + 1.71 45.36 + 1.15 34.20 +0.72 52.61 + 1.84 49.05 + 1.86
Chameleon|24.68 + 0.92 24.88 + 0.75 24.73 + 0.76 24.52 + 0.48 21.87 £ 0.39|25.57 + 0.98 24.36 + 0.74 24.31 + 1.01 24.02 + 0.81| 23.61 £ 0.70 22.00 + 0.68 24.86 + 0.80 24.36 + 1.07 25.65 + 0.92
Actor 20.30 +0.63 20.40 + 0.55 20.31 + 0.68 20.21 + 0.56 20.14 + 0.28/20.13 + 0.30 20.45 + 0.48 20.00 + 0.48 20.56 + 0.53| 20.47 + 0.50 20.28 + 0.51 20.02 + 0.38 20.00 + 0.51 20.27 + 0.41
Squirrel ~ |20.32 +0.47 20.31 £ 0.56 20.97 + 0.49 20.25 + 0.39 22.57 + 0.68|20.27 + 0.71 20.37 + 0.48 20.03 + 0.44 20.43 + 0.50| 20.66 + 0.67 21.45 + 0.48 20.86 + 0.80 20.43 + 1.07 22.77 + 0.76
Wisconsin |30.14 + 1.16 29.67 + 1.00 30.87 £ 0.89 30.90 + 1.06 28.54 + 1.00|29.72 + 1.18 29.46 + 1.13 29.43 £ 1.10 29.70 + 0.74| 28.26 + 0.59 30.63 £ 0.95 27.82 + 1.41 28.75 + 0.75 38.40 + 1.11
Cornell  |23.64 +0.60 24.36 + 0.46 26.28 + 0.58 26.32 + 0.62 22.65 + 0.69(24.47 + 0.91 24.31 + 0.51 24.18 + 0.48 23.76 + 0.59| 23.47 + 0.86 24.88 + 0.80 22.94 + 0.82 22.97 + 0.75 27.62 + 1.09
Texas 27.31+0.70 27.36 + 1.11 29.16 + 1.21 29.06 + 0.95 27.84 + 0.63|27.65 + 1.09 26.74 + 0.86 27.87 £ 0.61 27.97 + 0.97| 25.96 + 0.75 28.23 +0.86 27.03 £ 0.90 27.69 + 0.91 33.22 + 1.11

Results are reported in percent. The best method is bolded and the runner-up is underlined.

Table 2: Few-shot node classification performance comparison across methods (mean =+ std.).

Dataset | Supervised \ Pre-train + Finetune \ Pre-train + Prompt
‘ GCN GAT GT GraphSage GeomGCN ‘ EdgeMask  GraphCL GraphMAE SimGRACE‘GraphPrompt ProG GPPT HeterGP Ours

5-shot

ENZYMES|20.25 + 0.77 20.05 + 0.64 22.04 + 0.59 20.43 + 0.62 20.42 + 0.54/|20.86 + 0.64 21.89 + 0.48 20.56 + 0.68 21.82 + 0.68| 22.64 + 0.36 20.82 + 0.84 17.80 +0.95 21.79 + 1.03 20.43 + 0.81

PROTEINS |54.79 + 1.26 55.30 + 0.93 56.38 £ 2.16 55.29 + 1.37 54.39 + 1.37|56.68 £ 1.63 56.79 + 1.69 54.66 + 1.69 56.01 + 1.43|57.22 + 1.98 55.33 + 1.40 54.59 + 0.93 61.27 + 1.52 64.30 + 1.72

MUTAG  |63.48 +1.17 63.36 +1.72 65.33 £ 1.78 63.80 + 1.10 61.93 + 1.61]65.02 £ 1.02 62.54 + 1.50 61.88 + 1.36 64.71 £ 1.46| 64.61 + 1.18 65.99 + 1.50 65.63 + 1.01 68.80 + 1.30 70.62 + 1.17

COx2 53.30+1.2252.94 + 1.30 54.88 + 1.41 52.85 + 1.88 51.60 + 1.42|51.75 + 1.36 55.02 + 1.42 50.94 + 1.13 55.36 + 2.18| 54.86 + 1.28 51.10 + 1.36 52.79 + 1.31 51.86 + 1.52 55.85 + 1.46

BZR 57.31 +£1.27 57.04 £ 1.51 57.96 + 1.87 55.48 + 1.51 54.02 + 0.95|51.97 + 1.10 60.26 * 1.36 54.25 + 1.00 58.65 + 1.62| 57.78 + 1.20 52.03 + 0.66 50.42 + 1.12 56.48 + 1.25 53.87 + 0.96
1-shot

ENZYMES|18.78 + 0.63 19.00 + 0.49 19.76 + 0.84 19.16 + 0.83 19.08 + 0.61|18.59 + 0.45 19.71 + 0.61 18.81 + 0.35 19.64 + 0.66| 20.36 + 0.50 19.33 +0.54 17.04 +0.55 18.11 + 0.61 19.22 +0.59

PROTEINS |54.27 +2.21 53.66 + 1.94 54.06 + 1.95 53.95 + 1.96 53.79 + 1.79|53.39 + 1.85 53.01 + 1.85 53.77 + 1.65 53.40 + 1.66| 53.59 + 1.61 53.90 +2.24 50.44 + 1.16 54.58 + 1.51 55.07 + 1.79

MUTAG  |58.32 +1.42 58.34 + 1.71 58.42 + 1.50 58.36 + 1.38 58.34 + 1.35|58.96 + 1.48 57.17 £ 2.10 58.04 + 1.42 59.26 + 1.60| 59.85 + 1.49 59.60 + 1.59 63.10 + 1.60 59.81 + 1.77 65.57 + 1.28

COx2 51.56 +1.0551.62 +1.60 52.11 + 1.59 51.39 + 1.49 51.41 £ 0.88|52.72 + 1.11 51.84 + 1.85 51.73 + 1.69 52.65 + 1.56| 51.45 + 1.91 50.79 + 0.92 50.28 + 0.34 51.35 + 1.09 53.64 + 1.84

BZR 52.81 +1.8652.27 + 1.74 51.86 + 1.89 51.64 + 1.77 52.08 + 1.44|51.18 + 1.64 53.70 + 1.66 53.07 +2.26 53.35 +2.17| 52.70 + 1.81 50.46 + 1.06 50.82 + 0.54 52.21 + 1.15 53.74 + 1.47

Results are reported in percent. The best method is bolded and the runner-up is underlined.

Table 3: Few-shot graph classification performance comparison across methods (mean = std.).
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Figure 4: Comparison of Model Variants.

Figure 5: Ablation on Different Backbones.

6 Conclusion and Future Work

We propose DAPrompt, a dual-alignment prompt frame-
work that mitigates structural unreliability and semantic in-
consistency in few-shot graph learning. It integrates structure-
aware pretraining with two prompt learners to enhance repre-
sentations under heterophily settings. Experiments show that
DAPrompt surpasses state-of-the-art methods. Future work
will extend it to heterogeneous graphs.

GraphSAGE, and GeomGCN achieve competitive results
on specific datasets, demonstrating the adaptability of our
method to diverse architectures. These results highlight the
flexibility and generality of DAPrompt in accommodating
various GNN backbones, with GCN and GAT offering partic-
ularly robust and stable performance under both homophilic
and heterophilic conditions.
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