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Abstract
Graph learning faces major challenges under noisy and sparse
supervision, where corrupted labels mislead representation
learning and impair generalization. Prior work proposes ro-
bust training strategies such as correction, reweighting, and
denoising to reduce the influence of noisy labels. However,
most methods still optimize directly on training nodes us-
ing their possibly corrupted labels as supervision signals. In
this work, we propose a prototype-guided framework that re-
places direct label supervision over training nodes with se-
mantic supervision derived from class-level prototypes. Each
prototype is formed by aggregating representations of nodes
sharing the same observed label and serves as a semantic an-
chor for guiding the classifier. To address the inherent super-
vision sparsity introduced by limited prototype instances, we
introduce a dual-branch mixup strategy that integrates pro-
totypes with high-confidence nodes through intra- and inter-
class interpolation, which enhances supervision coverage and
improves representation continuity. We further constrain the
spatial variance of these samples to promote intra-class com-
pactness. Theoretically, we demonstrate that the constructed
prototypes remain aligned with true class semantics under
bounded noise rates. Experiments on node classification tasks
confirm the effectiveness of our approach under label noise
and limited supervision.

Introduction
Graph-structured data pervade a wide range of real-world
applications (Fan et al. 2019; He et al. 2025). These data
encode both node-specific attributes and relational depen-
dencies, which often serve as complementary sources of in-
formation. Effectively integrating node attributes with rela-
tional structures presents a central challenge in graph-based
learning. Graph neural networks (GNNs) offer a principled
solution by jointly modeling feature information and graph
topology within a unified framework. Most GNNs adopt the
message-passing paradigm, where each node iteratively up-
dates its representation by aggregating information from its
local neighborhood. This approach has demonstrated strong
empirical performance across a wide range of graph learn-
ing tasks (Veličković et al. 2018; He et al. 2024; Zhang and
Chen 2018; Xu et al. 2019; Cheng et al. 2025).
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Despite their empirical success, most GNN architectures
implicitly assume access to abundant and correct supervi-
sion. In practice, however, real-world graphs often suffer
from label sparsity and noise, arising from annotation costs,
subjective inconsistencies, or adversarial perturbations (Dai,
Aggarwal, and Wang 2021). For instance, social networks
typically label only a small fraction of users, and even those
labels may be inconsistent or incorrect (Li, Wang, and Chen-
Chuan 2012). These conditions result in weak supervision,
where noisy labels mislead optimization and sparse annota-
tions constrain semantic coverage. Label noise and sparsity
jointly pose persistent challenges in graph learning.

To address the challenges of noisy and sparse supervision
in node classification, a range of strategies has been devel-
oped. Some methods focus on loss correction by modifying
the learning objective to account for noisy labels (Han et al.
2018; Patrini et al. 2017; Du et al. 2021), while others re-
duce the influence of label noise through denoising mecha-
nisms or alternative training procedures (Chen et al. 2024;
Ding et al. 2024). Structural augmentation approaches re-
fine the graph topology to prevent noise amplification dur-
ing message passing (Dai, Aggarwal, and Wang 2021; Qian
et al. 2023). Some methods enhance representation robust-
ness by applying consistency constraints and contrastive
learning techniques. (Yuan et al. 2023; Li et al. 2024b).
Curriculum-based training further mitigates noise by pro-
gressively selecting high-confidence samples based on struc-
tural cues (Wu et al. 2024). Although various strategies have
been proposed to mitigate label noise, such as filtering unre-
liable nodes or correcting corrupted annotations, most meth-
ods still rely on direct supervision from training nodes and
their potentially corrupted labels. Whether applied to the en-
tire training set or a selected subset assumed to be clean, su-
pervision remains closely coupled with signals of uncertain
reliability. Under noisy conditions, this reliance may intro-
duce misleading gradients that destabilize optimization and
impair generalization.

To shift the supervision mechanism away from direct re-
liance on training labels, we introduce a prototype-guided
learning framework that redefines the source of supervision.
As illustrated in Fig. 1, our method discards direct supervi-
sion on training nodes and instead constructs semantic pro-
totypes to guide representation learning. Each prototype ag-
gregates representations from nodes sharing the same ob-
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Figure 1: Illustration and comparison of two supervision paradigms. (a) Training node supervision directly uses observed
labels of training nodes as learning targets, whereas prototype-based supervision discards direct label supervision and instead
uses prototypes as semantic guidance. (b) Empirical results under uniform label noise show that prototype-based supervision
achieves superior performance in most cases across datasets and noise levels.

served label, thereby providing a stable and noise-tolerant
semantic reference. To address the limited representational
coverage caused by supervision sparsity, we further design a
dual-branch interpolation strategy that integrates prototypes
with high-confidence nodes via both intra-class and inter-
class mixup. This design enriches the supervision signal and
promotes smoother semantic transitions in the representa-
tion space. Extensive experiments on benchmark datasets
under various noise settings validate the effectiveness of our
framework in improving robustness and generalization.

In summary, we list our contributions as follows:
Supervision paradigm. We propose to replace direct label
supervision on training nodes with prototype-based seman-
tic guidance, reducing sensitivity to label noise and supervi-
sion sparsity.
Methodology. We propose a prototype-guided framework
that constructs semantic prototypes and combines them with
high-confidence nodes via dual-branch mixup. To improve
class separability and compactness, we introduce a pro-
totype orthogonality constraint and a radius regularization
term.
Comprehensive validation. Experiments across multiple
benchmarks and noise levels confirm the effectiveness and
generalization of the proposed approach.

Related Work
Label Noise in Graphs
Label noise poses a critical challenge to graph learning, as
unreliable supervision disrupts representation learning and
degrades model generalization. Classical techniques such as
loss correction (Patrini et al. 2017; Goldberger and Ben-
Reuven 2017) and sample selection (Han et al. 2018; Jiang
et al. 2018) perform well in computer vision (Han, Mao,
and Dally 2016; Louizos, Welling, and Kingma 2018), but
often struggle on graphs due to sparse and interdependent
labels (Kudugunta and Ferrara 2018). Existing solutions for
noisy graph learning vary by task setting. For graph clas-
sification, recent methods improve robustness through loss
adjustment (Hoang, Jin, and Murata 2019), neighbor-aware

denoising (Yin et al. 2023), and dual-space correction (Li
et al. 2025). For node classification, approaches typically re-
fine noisy supervision via local structural signals. Represen-
tative strategies include confident node filtering (Xia et al.
2023; Cheng et al. 2024), label propagation (Chen et al.
2024), propagation-free architectures to block noise ampli-
fication (Ding et al. 2024), reweighting and correction based
on soft label aggregation (Li, Yin, and Chen 2021), pair con-
sistency constraints (Du et al. 2021), and structural augmen-
tation (Dai, Aggarwal, and Wang 2021; Qian et al. 2023).
Contrastive methods (Yuan et al. 2023; Li et al. 2024b;
Zhu et al. 2024; Li et al. 2024a) enhance representation ro-
bustness through consistency constraints, while curriculum-
based sampling (Wu et al. 2024) progressively selects reli-
able nodes based on topological difficulty. Despite their suc-
cess, most methods rely on observed training labels as direct
supervision. Our framework instead introduces prototype-
guided alignment to mitigate label noise and enhance se-
mantic consistency.

Preliminaries
Notations
We consider node classification on a static attributed graph
with sparse and noisy labels. Formally, the graph is de-
fined as G = (V,E,X, Y ), where V = {v1, . . . , vN} is
the set of nodes, E ⊆ V × V is the set of undirected
edges, and X ∈ RN×D is the node feature matrix, where
xi ∈ RD denotes the feature vector of node vi. The la-
bel matrix Y ∈ {0, 1}N×C provides one-hot representa-
tions of the ground-truth labels. The graph connectivity is
represented by an adjacency matrix A ∈ {0, 1}N×N , where
Aij = 1 indicates an edge between vi and vj . For simplicity,
we denote the graph as G = (A,X). To simulate the limited
supervision setting, the node set V is partitioned into a la-
beled subset V L and an unlabeled subset V U = V \ V L,
where |V L| ≪ N . Each labeled node vi ∈ V L is associated
with a possibly corrupted label ỹi ∈ {0, . . . , C − 1}, and
clean labels yi are reserved for evaluation only.

23106



Noisy Labels: Unlabeled Nodes:True Labels:

Step 1:Input Step 2:Encoder Step 3:Embedding Step 5:LogitsStep 4: Classifier

∑ = ∑ = ∑ =
Step 3.1:Prototype Construction

=+

[0, 0, 1]

[1, 0, 0]

[1, 0, 0]

[0, 1, 0]

Step 3.6:Radius Regularization

Step 3.4:Intra-Class Mixup

Step 3.3:High-Confidence Node SelectionStep 3.2:Orthogonality Constraint

Step 5.1: Prototype-CE

=+
Step 3.5:Inter-Class Mixup

Step 5.2: Mixup-CE

Prototype : Mixup Samples :

Confidence  
𝓛𝐩𝐫𝐨𝐭𝐨_𝐂𝐄

𝓛𝐦𝐢𝐱_𝐂𝐄
𝓛𝐨𝐫𝐭𝐡𝐨

𝓛𝒓𝒂𝒅𝒊𝒖𝒔

𝜌𝜌
𝜌
𝜌

𝜌
𝜌
𝜌

𝜌

Figure 2: Illustration of the proposed framework. A GNN encoder extracts node embeddings, from which prototypes are con-
structed and constrained to be orthogonal. High-confidence nodes are selected and mixed with prototypes through intra-class
and inter-class mixup. The classifier is trained using both prototype-based cross-entropy and mixup-based cross-entropy losses.

Problem Formulation
Given the attributed graph and noisy supervision setting de-
fined above, the goal is to learn a node classification model
that remains effective under label corruption and supervi-
sion sparsity. We adopt a decoupled architecture, where the
encoder fθ generates structure-aware node embeddings:

fθ : (A,X) → Z = [z1; . . . ; zN ] ∈ RN×d, (1)
and the classifier gϕ maps each embedding to a probability
distribution over C classes:

pi = softmax(gϕ(zi)) ∈ ∆C−1. (2)
The model is trained on the noisy labeled set Dtrain =
{(xi, ỹi) | vi ∈ V L}, and is expected to generalize to unla-
beled nodes despite the presence of corrupted labels.

Methodology
Our framework is shown in Fig. 2. We next describe its main
components.

Prototype Construction and Optimization
Motivation: Existing approaches often rely on denoising or
reweighting strategies to alleviate the adverse impact of cor-
rupted training labels. However, these methods remain in-
herently coupled to noisy annotations, leaving models sus-
ceptible to residual label errors. In this work, we depart from

direct supervision based on training labels, and instead con-
struct class-level prototypes as semantic anchors. These pro-
totypes serve as the basis for generating high-quality virtual
training signals, enabling instance-level learning without ex-
posing the model to corrupted label supervision.

The encoder fθ produces node representations Z =
fθ(A,X). For each class c ∈ {0, . . . , C−1}, we define
Ic = {i | ỹi = c} as the index set of labeled nodes, and
compute the class prototype by averaging their embeddings:

µc =
1

|Ic|
∑
i∈Ic

zi, µ̂c =
µc

∥µc∥2
. (3)

Each prototype µ̂c serves as a semantic representative for
class c, and is later used for class-level supervision. To avoid
direct supervision from noisy node labels, we instead train
the classifier to predict the correct class for each prototype.
Specifically, each normalized prototype µ̂c is passed through
the classifier gϕ to produce a class probability vector:

pprotoc = softmax(gϕ(µ̂c)). (4)

We minimize the cross-entropy between the predicted distri-
bution and its assigned class label:

Lproto CE = − 1

C

C−1∑
c=0

log
(
pprotoc [c]

)
. (5)
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This loss drives the classifier to produce discriminative pre-
dictions based solely on prototype-level semantics, thereby
avoiding direct reliance on noisy training labels.

Theorem 1. Prototype Correctness under Label Noise.
Let C ≥ 2 be the number of classes, and η ∈ [0, 1) the la-

bel noise rate. Under the uniform noise model, the prototype
µc aligns with the true class semantics with high probability
as the number of nodes increases, provided that η < 1− 1

C .
Similarly, under the pair-flip noise model, correctness holds
when η < 1

2 .

Prototype Orthogonality Constraint
Motivation: Prototypes aggregated from noisy-labeled
nodes may inherit semantic corruption and exhibit direc-
tional overlap, especially when mislabeled samples occur
across classes. This weakens their discriminability and lim-
its their supervisory value. To address this, we impose pro-
totype orthogonality to maximize class separation, suppress
cross-class interference, and strengthen the reliability of pro-
totype supervision.

To regularize the geometry of the prototype space, we
introduce an orthogonality constraint that encourages each
class prototype to lie in a distinct semantic direction. Given
the normalized prototype set {µ̂c}C−1

c=0 , we compute the
Gram matrix G ∈ RC×C as:

Gij = ⟨µ̂i, µ̂j⟩. (6)

Ideally, G should approximate the identity matrix, indicating
that all prototypes are mutually orthogonal. We thus define
the orthogonality loss as the squared Frobenius norm devia-
tion:

Lortho = ∥G− IC∥2F . (7)

This constraint encourages a well-separated prototype space,
suppresses label-induced alignment noise, and promotes a
stable geometric structure for effective classification.

Prototype Mixup
Motivation: While prototypes are established across all C
classes, each is supervised through a single, fixed class
target, resulting in an extremely sparse supervision sig-
nals. This one-to-one mapping between prototype and label
severely limits the density and diversity of gradient signals,
increasing the risk of overfitting and impairing the learning
of discriminative decision boundaries. To alleviate this issue,
we introduce mixup-based supervision (Zhang et al. 2018)
by interpolating each prototype with high-confidence node
embeddings. This construction yields a semantically mean-
ingful spectrum of mixup-based training signals, enhancing
both robustness and generalization.

Let pi = softmax(gϕ(zi)) denote the predicted class
probability for node vi, and define its confidence score as
confi = maxc pi[c]. We select the top-M nodes with the
highest confidence:

J = TopK
(
{confi}Ni=1, M

)
, (8)

and assign pseudo-labels by ŷj = argmaxc pj [c] for each
j ∈ J .

To enrich the intra-class supervision manifold, each high-
confidence embedding zj is interpolated with its predicted
class prototype µŷj . We define the distance-aware mixing
coefficient as:

λintra
j = clip

(
λbase
j · σ(−∥zj − µŷj

∥2/τ), 0, 1
)
, (9)

where λbase
j ∼ Beta(α, α) and σ(·) denotes the sigmoid

function. We use clip(x, a, b) to denote the element-wise
truncation of x within the closed interval [a, b].

The interpolated feature and its target label are computed
as:

hintra
j = λintra

j zj + (1− λintra
j )µŷj

, yintra
j = onehot(ŷj).

(10)
To further enhance decision boundary sensitivity, we

incorporate inter-class mixup by interpolating each high-
confidence node with a semantically close non-target pro-
totype. For each j ∈ J , we compute the Euclidean distance
between zj and all class prototypes:

Dj(c) = ∥zj−µc∥2, ∀ c ∈ {0, . . . , C−1}, c ̸= ŷj . (11)

We identify the top-k nearest non-target classes and uni-
formly sample one as the competing class ccomp

j . Then, the
mixed feature and its soft target are defined as:

λinter
j ∼ Beta(α, α), hinter

j = λinter
j zj + (1− λinter

j )µccomp
j

,

(12)
yinter
j = λinter

j onehot(ŷj)+(1−λinter
j ) onehot(ccomp

j ). (13)
We aggregate all mixup-based samples:

Smix =
{
(hintra

j , yintra
j ), (hinter

j , yinter
j )

∣∣ j ∈ J
}
, (14)

and define the overall mixup loss as:

Lmix CE =
1

2M

∑
(h,y)∈Smix

CE(y, softmax(gϕ(h))) . (15)

By aligning interpolated representations with soft targets,
this objective complements sparse prototype supervision and
promotes smoother decision boundaries.

Radius Regularization
Motivation: While mixup augmentation improves repre-
sentation diversity and alleviates prototype sparsity, it also
introduces a risk of semantic deviation, particularly under
noisy supervision. Without explicit structural constraints,
mixup-based samples may populate the latent space in an
uneven or overly dispersed manner, leading to degraded
intra-class cohesion and ambiguous decision boundaries. To
remedy this, we introduce a radius regularization term that
encourages each class to maintain a consistent spread of
interpolated samples around its prototype. This encourages
intra-class compactness and promotes global geometric con-
sistency in the representation space.

Each mixup sample (hj ,yj) ∈ Smix is assigned to its
dominant class ỹj = argmaxc yj [c]. For each class c, let
Jc = {j ∈ J | ỹj = c}. The class-wise radius quantifies
intra-class dispersion around prototype µc:

σc =

 1

|Jc|
∑
j∈Jc

∥hj − µc∥ 2
2

1/2

. (16)
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Dataset Methods Clean Uniform Noise Pair Noise
0.2 0.4 0.6 0.2 0.3 0.4

Cora ML

MLP 59.15±1.38 50.58±1.89 41.37±2.18 28.21±2.10 50.86±2.05 46.60±2.20 40.01±2.10
GCN 83.84±1.23 77.58±1.94 73.37±3.33 51.82±3.08 82.40±2.00 76.16±2.54 67.33±2.99
Coteaching 80.92±1.43 75.51±2.87 67.61±2.84 51.03±4.03 75.71±2.07 70.54±3.71 63.28±4.33
Forward 83.72±1.39 75.92±2.20 71.30±2.90 48.43±3.32 81.06±1.32 73.84±4.31 65.56±3.11
NRGNN 81.85±1.49 73.32±2.43 68.66±3.31 46.57±3.77 79.67±1.61 72.96±2.72 64.58±3.18
RTGNN 81.09±2.09 78.96±2.79 71.19±3.50 48.59±4.84 81.79±1.33 76.06±2.68 66.87±4.14
CGNN 83.30±1.59 76.59±2.61 66.79±3.41 46.12±4.17 77.76±2.08 72.10±2.97 63.92±3.92
CRGNN 82.16±1.59 77.02±2.52 66.79±2.50 56.69±5.90 78.04±2.57 73.36±3.94 65.13±4.39
PIGNN 82.46±1.48 80.03±1.39 76.30±2.86 59.70±4.35 80.50±1.94 76.74±2.03 66.83±3.46
ERASE 81.63±1.14 80.01±1.51 78.00±2.45 65.49±6.07 82.04±1.42 80.44±1.73 72.92±3.95
DNDNet 85.28±1.20 83.84±1.19 78.26±2.91 63.40±8.25 84.39±1.07 80.24±2.01 74.74±3.37
OURS 85.57±0.80 84.17±0.99 82.18±1.93 70.04±4.93 84.67±1.18 83.20±1.71 76.89±4.46

CiteSeer

MLP 55.95±2.53 48.28±2.77 43.21±3.03 30.09±3.16 49.79±2.34 44.97±2.93 43.23±2.58
GCN 71.46±1.21 65.22±2.15 59.03±3.31 41.14±4.47 66.10±2.88 61.44±3.42 59.42±3.63
Coteaching 68.80±1.90 63.67±2.48 57.57±3.56 42.33±4.41 63.98±2.91 59.09±3.57 58.11±3.23
Forward 72.25±1.34 66.36±2.16 60.17±3.66 42.20±4.47 67.68±1.70 63.48±2.66 62.03±3.12
NRGNN 69.85±1.43 62.91±2.29 55.33±3.36 37.79±3.43 63.60±2.76 59.58±3.58 57.51±3.26
RTGNN 74.28±1.41 68.89±2.50 61.36±4.02 44.69±4.26 68.45±2.48 64.23±3.31 62.89±3.87
CGNN 69.64±3.74 64.59±3.82 58.28±3.32 41.27±4.54 64.93±3.66 59.32±4.86 58.33±6.57
CRGNN 71.85±1.37 68.48±2.53 63.43±3.65 44.67±5.83 68.42±3.00 64.39±3.57 62.04±4.23
PIGNN 70.63±1.67 67.55±2.43 60.75±3.94 44.67±6.90 65.66±2.85 61.74±3.01 59.30±4.39
ERASE 72.73±1.66 71.88±2.36 69.24±5.33 55.10±7.01 72.20±2.15 70.65±2.78 67.70±5.38
DNDNet 75.71±0.94 73.58±1.35 69.19±3.89 58.38±6.53 73.60±1.53 70.78±2.89 70.22±2.44
OURS 75.95±1.01 75.44±0.96 73.15±1.60 60.08±7.28 75.14±1.21 74.03±1.16 72.21±2.74

PubMed

MLP 74.05±1.27 61.88±2.06 49.10±1.78 42.88±2.28 61.33±1.60 56.46±1.81 53.75±1.43
GCN 81.81±0.79 77.41±1.86 64.76±3.68 52.60±5.45 75.50±2.14 71.73±3.36 67.51±3.31
Coteaching 80.67±1.49 75.64±2.35 60.31±5.25 51.14±5.53 74.10±3.14 69.06±4.29 67.21±3.42
Forward 82.37±0.74 77.58±1.52 65.49±3.25 53.31±5.79 75.44±2.34 71.56±3.26 67.49±2.97
NRGNN 81.29±0.69 77.39±1.60 66.37±3.12 53.44±6.12 75.20±2.17 71.41±3.20 67.25±3.13
RTGNN 76.55±1.61 77.80±1.57 70.57±2.20 58.46±5.32 76.70±1.88 74.21±2.61 72.29±2.94
CGNN 81.40±0.58 75.00±8.36 59.64±7.06 49.62±5.53 73.22±9.52 69.38±7.86 66.39±6.87
CRGNN 83.23±0.66 79.38±1.48 70.20±2.90 58.66±7.45 76.33±2.44 71.58±3.23 67.45±2.35
PIGNN 81.59±0.81 79.39±1.51 72.16±2.70 57.72±8.38 77.06±1.86 73.36±2.47 69.78±2.94
ERASE 78.51±1.79 76.42±3.34 73.43±3.34 56.59±6.47 74.97±1.48 72.75±2.56 70.46±2.53
DNDNet 81.46±0.84 79.37±2.19 73.66±3.11 60.01±9.02 77.81±1.58 75.72±2.78 74.24±2.73
OURS 82.32±0.94 80.57±1.33 74.44±3.03 60.06±5.80 79.73±1.71 76.31±2.01 75.19±3.12

CS

MLP 80.55±2.28 75.09±2.36 64.01±3.68 51.65±4.03 73.11±3.24 61.89±4.19 61.42±3.92
GCN 91.48±0.45 88.00±1.20 84.34±1.59 73.38±3.34 86.53±0.98 79.73±3.08 77.19±2.01
Coteaching 89.95±0.56 86.83±0.83 79.75±1.74 67.67±3.77 85.98±1.37 78.87±2.51 76.26±2.87
Forward 86.11±6.56 74.91±3.49 65.87±9.84 58.55±5.83 75.07±8.73 63.02±8.91 66.18±7.71
NRGNN 90.83±0.56 87.70±1.60 85.09±1.30 71.81±2.51 86.02±1.40 77.45±4.30 77.44±2.10
RTGNN 89.54±0.78 87.70±1.47 82.83±2.13 74.92±3.51 84.48±1.98 75.55±4.19 74.05±3.22
CGNN 89.24±2.57 86.08±2.29 78.78±3.26 64.39±5.34 83.82±3.39 77.14±4.52 74.77±2.90
CRGNN 90.72±0.52 86.83±1.70 81.10±2.48 69.36±4.29 84.81±2.09 76.57±5.40 74.74±4.99
PIGNN 89.86±0.79 88.02±1.33 85.09±1.30 73.12±3.12 86.07±1.11 79.08±4.14 76.63±3.01
ERASE 90.15±0.78 89.94±0.64 84.53±1.92 84.14±4.23 88.91±1.14 88.60±1.57 84.42±2.10
DNDNet 91.78±0.34 90.44±0.92 87.09±4.43 75.45±2.81 89.39±1.05 87.13±1.80 80.66±3.46
OURS 92.03±0.75 91.59±0.79 90.60±1.28 84.29±2.65 90.66±1.69 89.98±1.33 86.29±3.51

DBLP

MLP 54.93±3.10 47.92±3.55 39.71±4.08 32.00±4.04 49.19±3.76 44.57±4.02 39.31±4.86
GCN 78.88±1.20 72.65±1.62 59.49±3.44 34.67±3.93 74.04±2.44 68.57±2.30 55.25±4.62
Coteaching 75.10±1.59 67.01±3.09 54.07±3.27 35.46±4.89 66.05±2.91 58.52±4.08 52.08±4.61
Forward 78.45±1.36 72.10±1.64 59.14±3.20 34.14±3.44 73.18±2.86 67.62±2.50 54.42±4.25
NRGNN 77.94±1.74 71.36±2.19 57.47±3.65 33.62±3.74 72.54±2.87 66.43±2.88 52.85±4.78
RTGNN 80.75±1.02 76.34±1.19 62.59±6.35 35.44±5.32 75.49±2.75 70.44±3.23 55.74±9.08
CGNN 78.50±1.25 73.03±1.64 60.72±4.36 41.24±4.25 71.90±2.87 67.22±3.65 56.36±6.40
CRGNN 81.05±1.04 76.35±1.51 68.15±4.24 40.43±5.69 74.64±2.54 69.79±3.21 59.69±5.75
PIGNN 79.10±1.33 77.44±1.15 71.48±2.97 40.61±4.46 76.25±1.81 72.76±2.12 61.47±4.71
ERASE 81.22±0.59 80.61±0.75 79.12±1.38 52.23±8.62 80.10±0.94 79.09±1.68 74.59±3.10
DNDNet 81.20±1.19 79.11±1.79 54.77±15.80 39.82±11.84 79.70±1.27 77.85±2.65 66.08±13.10
OURS 82.01±1.47 81.71±0.69 80.01±1.24 58.22 ± 8.28 80.81±0.65 79.88±0.99 75.87±1.62

Table 1: Node classification performance w.r.t. accuracy. The highest value in each column is highlighted in bold.

We define the radius regularization loss as:

Lradius =
1

C

C−1∑
c=0

|σc − ρ| . (17)

Here, ρ denotes a hyperparameter that controls the target
intra-class dispersion. This loss constrains mixup dispersion,

enhancing intra-class compactness and representation dis-
criminability.

The final training objective is formulated as:
L = Lproto CE + Lmix CE + γorthoLortho + γradLradius, (18)

where γortho and γrad are hyperparameters controlling the
strength of the regularization terms.
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Figure 3: Node classification accuracy on the CiteSeer dataset under varying label rates (1%–5%) and different noise settings.
Subfigures (a) and (b) present results under uniform noise with noise ratios 0.2 and 0.4, respectively, while (c) and (d) show
performance under pair noise at the same corruption levels. Each pentagon represents the accuracy of a given method at different
label rates.

Experiments
Experimental Setup
Datasets and Label Noise. We conduct experiments on
six standard benchmarks: Cora ML, CiteSeer, PubMed, CS,
DBLP, and arxiv. Following (Dai, Aggarwal, and Wang
2021), we introduce two types of synthetic label noise: (1)
Uniform noise, where labels are randomly flipped to any
other class with probability η; (2) Pair noise, where each
label is flipped to a fixed paired class with probability η. We
evaluate model robustness under varying noise levels.
Baselines. To evaluate the effectiveness of our method,
we compare it against a diverse set of baselines, includ-
ing GCN (Kipf and Welling 2017), MLP, Coteaching (Han
et al. 2018), Forward (Patrini et al. 2017), NRGNN (Dai,
Aggarwal, and Wang 2021), RTGNN (Qian et al. 2023),
PIGNN (Du et al. 2021), CGNN (Yuan et al. 2023),
CRGNN (Li et al. 2024b), ERASE (Chen et al. 2024), and
DNDNet (Ding et al. 2024).

Main Results

Methods
uniform pair

0.2 0.4 0.2 0.4

GCN 54.55±1.10 49.28±1.95 55.74±1.02 49.10±2.46
PIGNN 51.24±1.87 45.78±3.51 51.24±2.77 42.60±5.14

DNDNet 38.87±0.82 34.89±2.76 41.54±0.93 39.47±0.40
OURS 58.29±0.94 53.02±3.34 57.58±1.79 51.88±2.37

Table 2: Performance comparison on arxiv under uniform
and pair label noise

Overall Performance. We evaluate the proposed model
under both clean and noisy supervision. As shown in Ta-
ble 1, it achieves the highest accuracy on most datasets in
the clean setting, indicating strong semantic discrimination
without additional robustness modules. In noisy scenarios
with uniform and pair corruption, the model consistently
outperforms competitive baselines across all noise levels.
This robustness is attributed to prototype-guided supervi-
sion, interpolation-based augmentation, and regularization,

which together improve class separation and enhance gener-
alization under corrupted supervision.
Low label rates Performance. Under both uniform and
pair noise, the proposed method exhibits stable performance
across varying label rates. As shown in Fig. 3, it remains
robust under extremely sparse supervision (1%–3%), while
baseline performance degrades significantly. This consis-
tency across noise types and corruption levels suggests that
the model can effectively leverage limited labeled data, high-
lighting its suitability for label-scarce graph scenarios.
Large-Scale dataset Performance. We evaluate GCN,
PIGNN, DNDNet, and the proposed method on the arxiv
dataset under uniform and pair label noise. As shown in Ta-
ble 2, the proposed method yields relatively stable perfor-
mance across noise types and levels, whereas other methods
exhibit more pronounced variation under increasing corrup-
tion.

Parameter Analysis

Figure 4: Accuracy variation under different k settings for
top-k competing classes used in inter-class mixup.

top-k. We analyze the sensitivity of the inter-class mixup
module to the hyperparameter k, which determines the num-
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Lproto CE Lmix CE Lortho Lradius
Uniform Noise Pair Noise

η = 0.2 η = 0.4 η = 0.6 η = 0.2 η = 0.3 η = 0.4

✓ 72.23±1.39 68.94±2.24 49.34±5.70 71.46±2.10 67.58±2.12 64.31±3.46
✓ ✓ 74.47±1.74 71.94±3.10 54.16±7.03 74.98±1.56 70.53±3.50 68.54±3.33
✓ ✓ 72.72±1.44 68.72±2.06 53.01±4.78 72.91±1.31 69.45±1.87 67.53±3.13
✓ ✓ ✓ 74.74±0.86 71.67±4.40 57.22±6.71 75.35±0.86 72.45±2.30 71.29±3.00
✓ ✓ ✓ 74.57±1.21 72.99±2.56 54.69±7.19 74.03±1.63 71.54±5.33 68.91±5.33
✓ ✓ ✓ ✓ 75.44±0.96 73.15±1.60 60.08±7.28 75.14±1.21 74.03±1.16 72.21±2.74

Table 3: Ablation study of different loss components under varying noise settings on CiteSeer.

ber of competing classes. As shown in Fig. 4, the perfor-
mance remains relatively stable across a range of k values,
with peak accuracy typically observed around k = 4. This
suggests that introducing a moderate number of competing
classes facilitates effective mixup generation, while exces-
sively small or large k may compromise alignment.
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Figure 5: Accuracy variation under different γortho and γrad
across datasets.

γortho and γrad. To assess the effect of structural regular-
ization under label noise, we evaluate model performance
across varying γortho and γrad values, as illustrated in Fig. 5.
Under a noise rate of 0.2, the model exhibits stable accuracy
across a wide hyperparameter range, indicating low sensitiv-
ity to regularization strength. When the noise rate increases
to 0.4, performance becomes more sensitive, with certain
configurations leading to noticeable degradation. These re-
sults demonstrate the importance of appropriately balancing
the two regularization terms to ensure robust learning under
severe noise.

Ablation Study
We perform ablation studies to evaluate the contribution
of each loss component under varying noise conditions.
As shown in Table 3, removing individual terms from the
overall objective consistently degrades performance, high-
lighting their complementary roles. The mixup-based su-
pervision enhances the model’s generalization under weak
and corrupted labels, while the orthogonality constraint im-
proves inter-class separability in the representation space.
The radius regularization further promotes intra-class com-
pactness, which is particularly beneficial under high noise.
These results confirm that the proposed objective design im-
proves the robustness and discriminability of graph repre-
sentations in the presence of label noise.

Visualization Analysis

(b) DNDNet
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Figure 6: t-SNE visualization of node representations on the
CiteSeer dataset under 0.4 uniform label noise.

To qualitatively assess representation robustness un-
der label noise, we visualize node embeddings using t-
SNE (Van der Maaten and Hinton 2008) with 0.4 uniform
noise. As shown in Fig. 6, our method forms more compact
and well-separated clusters, with prototypes (stars) closely
aligned with class centers. This suggests that prototype guid-
ance effectively reduces the impact of noisy labels and
sharpens class boundaries. In contrast, DNDNet produces
dispersed and overlapping clusters, reflecting weakened dis-
criminability. These results highlight the advantage of our
method in learning clearer and more noise-resilient repre-
sentations.

Conclusion
This work introduce a prototype-guided framework that
shifts supervision away from loss on individual training
node labels toward semantic anchors formed by aggregat-
ing representations of nodes with the same observed label.
This design eliminates reliance on training node labels in
the loss function. A dual-branch mixup strategy interpolates
each prototype with high-confidence nodes both within the
same label and across different labels, broadening supervi-
sion and smoothing the representation manifold. A variance
regularizer further reduces dispersion among samples. We
prove that prototypes remain faithful to true semantics un-
der bounded noise rates and demonstrate consistent accuracy
improvements on node classification benchmarks under di-
verse noise scenarios and scarce labels. Our results establish
prototype-based semantic guidance as a robust alternative
for graph learning in noisy, sparse environments and moti-
vate future exploration of principled supervision methods.
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