
Learning from Graph: Mitigating Label Noise on Graph through
Topological Feature Reconstruction

Zhonghao Wang

Zhejiang University

Hangzhou, China

wangzhonghao@zju.edu.cn

Yuanchen Bei

Zhejiang University

Hangzhou, China

yuanchenbei@zju.edu.cn

Sheng Zhou
∗

Zhejiang University

Hangzhou, China

zhousheng_zju@zju.edu.cn

Zhiyao Zhou

Zhejiang University

Hangzhou, China

zjucszzy@zju.edu.cn

Jiapei Fan

Alibaba Group

Hangzhou, China

jiapei.fjp@alibaba-inc.com

Hui Xue

Alibaba Group

Hangzhou, China

hui.xueh@alibaba-inc.com

Haishuai Wang

Zhejiang University

Hangzhou, China

haishuai.wang@zju.edu.cn

Jiajun Bu

Zhejiang University

Hangzhou, China

bjj@zju.edu.cn

Abstract
Graph Neural Networks (GNNs) have shown remarkable perfor-

mance in modeling graph data. However, Labeling graph data typi-

cally relies on unreliable information, leading to noisy node labels.

Existing approaches for GNNs under Label Noise (GLN) employ

supervision signals beyond noisy labels for robust learning. While

empirically effective, they tend to over-reliance on supervision

signals built upon external assumptions, leading to restricted appli-

cability. In this work, we shift the focus to exploring how to extract

useful information and learn from the graph itself, thus achiev-

ing robust graph learning. We analyze the impact of graph label

noise from an information theory perspective. We theoretically and

empirically demonstrate that the graph itself contains reliable infor-

mation for graph learning under label noise. Based on these insights,

we propose the Topological Feature Reconstruction (TFR) method.

Specifically, TFR leveraging the fact that the pattern of clean labels

can more accurately reconstruct graph features through topology,

while noisy labels cannot. TFR is a simple and theoretically guaran-

teed model for robust graph learning under label noise. We conduct

extensive experiments across datasets with varying properties to

demonstrate the robustness and broad applicability of our proposed

TFR compared to state-of-the-art baselines. Experimental results

demonstrate that TFR effectively mitigates graph label noise. Codes

are available at https://github.com/eaglelab-zju/TFR.
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1 Introduction
Many complex systems in the real world, such as biological inter-

action networks [15], social networks [17], knowledge graphs [5],

and traffic networks [14], can be represented as graph data. Over

the past decade, research has demonstrated the effectiveness of

Graph Neural Networks (GNNs) in modeling graph data. Based on

the message-passing mechanism, GNNs learn node representation

in a semi-supervised manner by aggregating supervision signals

from neighboring nodes and achieve impressive performance [16].

However, graph data are intricate and large-scale in practical appli-

cations, making the delicate labeling of each node both costly and

impractical. As a result, labeling graph data, especially for node-

level tasks, often relies on unreliable contributions [24], and this

non-expert labeling can lead to node labels that are both scarce and
noisy [7]. Previous works indicate that label noise can be extremely

detrimental to graph learning [7, 24, 29, 43], for the disruptive im-

pact of label noise can propagate along the graph topology [3]

through the message-passing mechanism, causing significant dam-

age to the model’s performance on clean data [29].
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To achieve robust graph learning under label noise, earlier at-

tempts [20] have employed previously well-studied Learning with

Label Noise (LLN) [10, 25, 28, 33, 34] strategies designed for indepen-

dently and identically distributed (i.i.d.) data, on GNNs. However,

due to the message-passing mechanism of GNNs and the label spar-

sity, non-i.i.d. nature of graph data, directly applying these LLN

methods to GNNs on graph data does not achieve promising re-

sults against label noise [7, 29]. Recent studies on Graph Neural

Networks under Label Noise (GLN) have focused on addressing the

problem of graph label noise while considering the role of graph

data. These works turn to identify appropriate external supervi-

sion signals from other observed graph data (e.g., topology and

attributes) to guide the graph learning process explicitly [19, 30, 40]

or implicitly [7, 24]. These supervision signals can be obtained from

community labels [40], neighboring labels [9, 19, 30, 31, 39], and

node representations [7, 24, 43] among neighbors or different graph

views [18, 39]. By obtaining these external supervision signals from

topology and features, these methods have achieved success in their

respective domains.

Although these approaches have demonstrated empirical effec-

tiveness in several scenarios, their design often relies on external

assumptions. For instance, they may stipulate that accurate label

prediction must align with community labels [40] or neighbor-

ing labels [9], or assume nodes with similar representations can

provide reliable supervision signals [7, 24]. Thereby limiting their

general applicability [29]. To tackle this issue, we shift the focus

from external supervision signals and exploring how graph data

itself can provide reliable information for robust graph learning.

We start from an information theory perspective and explore the

role of graph information under label noise. Through our theoreti-

cal analysis, we discover that a direct consequence of label noise

is the reduction in Mutual Information (MI) between graph data

and observed labels, while the MI between graph data and clean

labels serves as an upper bound. Therefore, we further empirically

verify this finding and propose that the graph itself can be a reli-

able source of information, naturally guiding to constraint of the

model prediction to correspond with true labels, thus mitigating

the influence of label noise on graph learning.

Based on this idea, we devise a high-level optimization objec-

tive that maximizes the MI between predicted labels and graph

data. Since MI between two variables is notoriously difficult to

estimate [1], especially for high-dimensional data like graphs, we

further decompose this objective into a target that can be optimized

by a decoder GNN and propose Topological Feature Reconstruction

(TFR) to address this issue. TFR use is a simple, effective, com-

putationally efficient, and theoretically guaranteed approach for

mitigating graph label noise. The core idea behind TFR is that

correct labels share more information and can more accurately

reconstruct features through graph topology, whereas unreliable

labels cannot reconstruct perfectly. Specifically, TFR uses graph

topology information as implicit guidance to reconstruct graph fea-

tures by predicted label patterns, and uses node features as explicit

guidance to constrain the reconstructed node features to align with

graph data. The only assumption of this idea is that graph labels,

features, and topology share sufficient mutual information, making

it widely applicable to various real-world scenarios. The primary

contributions of this paper are as follows:

• We first conduct empirical and theoretical analyses to in-

vestigate the impact of label noise on graph learning from

a mutual information perspective. Based on these findings,

we identify the high-level objective of mutual information

maximization for robust graph learning under label noise.

• To optimize this objective, we further decompose it and intro-

duce a decoder, enabling its efficient optimization. Then, de-

velop the Topological Feature Reconstruction (TFR) method,

which serves as a simple, effective, computationally efficient,

and theoretically guaranteed solution for robust graph learn-

ing under label noise.

• We conduct extensive experiments on benchmark datasets

of varying scales, average degrees, and homophily to demon-

strate the robustness and broad applicability of our proposed

method compared to state-of-the-art baselines.

2 Related Works
2.1 Mutual Information Estimation
Mutual information (MI) measures the relationship between ran-

dom variables and is notoriously difficult to estimate. MINE [1]

addresses this by estimating the lower bound of MI using a classifier

to distinguish samples based on the Donsker-Varadhan representa-

tion [8] of the KL-divergence. When adopting mutual information

for representation learning, the info-max [2] principle advocates

for maximizing mutual information between the input and output

of deep neural networks. Following this principle, the core idea

of Deep Info-max [12] is to maximize MI between the input and

output of a neural network. Recently, there have also been works

applying MI estimation to the field of graph representation learn-

ing. Building upon Deep Info-max, DGI [27] aims to maximize the

mutual information between global graph representations and local

node representations. DGI utilizes a noise-contrastive objective

with a standard Binary Cross-Entropy (BCE) loss to distinguish

between positive and negative examples. Unlike DGI, GMI [22]

divides mutual information between graph data and representation

into feature mutual information and topology-aware mutual infor-

mation. By simultaneously maximizing these two parts of mutual

information, GMI learns useful representations. However, these

methods generally focus on aligning graph representation to fea-

ture and topology, and they are not specifically designed to mitigate

graph label noise.

2.2 Graph Learning under Label Noise
Graph Neural Networks (GNNs) have achieved notable success

by employing the message-passing mechanism to aggregate infor-

mation from neighboring nodes. However, this mechanism also

makes GNNs susceptible to label noise [7, 24]. Recently, studies on

Graph Neural Networks under Label Noise (GLN) have emerged

to enhance robustness against label noise. These methods adopt

various strategies, including Loss Regularization [9, 19, 40], Curricu-

lum Learning [30, 31], Graph Structure Augmentation [7, 24, 43],

Label Propagation [6], and Contrastive Learning [18, 39]. Most

approaches aim to identify and utilize supervision signals other

than contaminated labels from graph data to guide learning and

prevent overfitting. For instance, CP [40] utilizes community labels

as high-level supervision signals and regularizes GNNs’ predictions
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to align with them; Union-Net [19] samples and aggregates neigh-

bor labels through random walks, utilizing these neighborhood

labels as supervision signals. PI-GNN [9] assumes neighboring

nodes tend to have similar labels and utilizes neighborhood labels

as supervision signals. Graph Structure Augmentation methods,

such as NRGNN [7], RTGNN [24], and RNCGLN [43], generally

involve adding more edges to introduce additional neighborhood

supervision, accompanied by pseudo-label strategies. While these

methods have shown promise in addressing the graph label noise

problem [29], they are mostly devised based on external assump-

tions on supervision signals (e.g., they may stipulate that accurate

label prediction must align with community labels [40] or neigh-

boring labels [9], or assume nodes with similar representations can

provide reliable supervision signals [7, 24]), with few theoretical

insights. To the best of our knowledge, no existing GLN works have

investigated the graph label noise problem from the information

theory perspective.

3 Revisiting Graph Learning under Label Noise
3.1 Notations and Problem Definition
Consider a graph denoted by G = {X,A} with 𝑁 nodes and 𝐸 edges,

whereA ∈ R𝑁×𝑁
is the adjacencymatrix, andX = [x1, x2, · · · x𝑁 ] ∈

R𝑁×𝑑
is the node feature matrix, where 𝑑 is the feature dimension.

The node features set is given by X. Each node has a latent true

label within 𝑐 classes, denoted by the set Y∗ = {𝑦∗
1
, 𝑦∗

2
, · · · , 𝑦∗

𝑁
},

and the corresponding one-hot label matrix is 𝑌 ∗ ∈ R𝑁×𝑐
.

Let the set of all nodes beV , our focus is on the semi-supervised

node classification problem, where a small set of nodes V𝐿 has

assigned labels for the training procedure, represented by Y∗
𝐿

=

{𝑦∗
1
, 𝑦∗

2
, · · · , 𝑦∗

𝑙
}, where 𝑙 is the number of labeled nodes. The re-

maining nodes are unlabeled, denoted as V𝑈 = V −V𝐿 , and the

corresponding label set is Y𝑈 . Given G, the goal of node classifica-

tion is to train a classifier 𝑓𝜃 : (G) → Ŷ𝑁×𝑐 = [ŷ1, ŷ2, · · · , ŷ𝑁 ] by
minimizing L(𝑓𝜃 (G),Y∗

𝐿
), where 𝑐 is the number of classes, and

L is the loss function that measures the difference between the

predicted labels and the ground truth labels. Typically, 𝑓𝜃 is a well-

designed Graph Neural Network parameterized by 𝜃 . According to

the Empirical Risk Minimization (ERM) principle, the well-trained

classifier 𝑓𝜃 ∗ can generalize to unseen dataV𝑈 .

However, in real-world scenarios, the accessible labels Y𝐿 can

be corrupted by label noise, reducing the generalization ability of

GNNs. We denote the observed noisy labels as
˜Y𝐿 = {𝑦1, 𝑦2, · · ·𝑦𝑙 },

with Y∗
𝐿
being their corresponding true labels. Typically, we con-

sider three types of label noise, defined as follows:

Uniform noise [25] or symmetric noise assumes that the true

label has a probability of 𝜖 ∈ [0, 1] to be uniformly flipped to

another class. Formally, ∀𝑗≠𝑖 we have P(𝑦 = 𝑗 |𝑦∗ = 𝑖) = 𝜖
𝑐−1 ,

where 𝑐 represents the number of classes.

Pair noise [38] or pair flipping noise assumes that the true label

can only be flipped to its corresponding pair class with a probability

𝜖 . Formally, we have P(𝑦 = 𝑦𝑝 |𝑦∗ = 𝑦𝑐 ) = 𝜖 and ∀𝑗≠𝑦𝑝 ,𝑦𝑐P(𝑦 =

𝑗 |𝑦∗ = 𝑦𝑐 ) = 0, where 𝑦𝑝 is the corresponding pair class of 𝑦𝑐 .

Instance-dependent noise [32] or part-dependent label noise
assumes that the label transition probability is related to specific

part of feature, i.e. P(𝑦 ≠ 𝑦𝑐 |𝑦∗ = 𝑦𝑐 , 𝑥) = 𝜖 .

From above definitions, there exists (1− 𝜖) · 𝑙 uncorrupted labels
(𝑌̃ = 𝑌 ∗

) and 𝜖 · 𝑙 corrupted labels (𝑌̃ ≠ 𝑌 ∗
) in Y𝐿 . In this study,

we denote the noisy dataset as
˜D𝐿 = {G, ˜Y𝐿} ∼ P( ˜D) drawn

from the noisy distribution, and the corresponding clean dataset

D∗
𝐿
= {G,Y∗

𝐿
} ∼ P(D∗) drawn from the original clean distribution.

Our goal is to learn a GNN classifier 𝑓
˜𝜃
on noisy data

˜D𝐿 , but can

generalize well on clean data distribution P(D∗). We consider both

the training and validation sets to be contaminated by label noise, i.e.

˜Y𝐿 = { ˜Y𝑡𝑟𝑎𝑖𝑛
𝐿

, ˜Y𝑣𝑎𝑙
𝐿

}, using the clean label Y𝑡𝑒𝑠𝑡 ∈ Y∗
𝑈

to evaluate

model performance.

3.2 An Information Theory Perspective on
Graph Label Noise

In this subsection, we explore and explain the role of graph infor-

mation in robust graph learning under label noise. Let 𝑓𝜃 (G) = Ŷ
denotes the model prediction by GNN 𝑓𝜃 . Suppose 𝑓𝜃 is well de-

signed and have sufficient expressive power. By minimizing the

loss function L(𝑓𝜃 (G), Ỹ𝐿), 𝑓𝜃 can accurately fit all training data.

min

𝜃
L(𝑓𝜃 (G), Ỹ𝐿), 𝑓

˜𝜃
(G) = Ŷ

˜𝜃
= Ỹ. (1)

From the information theory perspective, when the training

labels are contaminated by label noise, a direct consequence is the

reduction in mutual information between the graph data and the

training label:

Theorem 3.1. Given graph G, the latent true label and noisy label
are denoted by Y∗, Ỹ, respectively. Let I(·; ·) denote the mutual infor-
mation calculation operation. Suppose the label transition probability
is given by P(Ỹ|Y∗,G), we have I(Ỹ;G) ≤ I(Y∗;G).

Proof.

I(Ỹ;G) = EP( ˜D)

[
log

P(Ỹ,G)
P(Ỹ)P(G)

]
=

∫
G

∫
˜Y
P(Ỹ,G) log P(Ỹ,G)

P(Ỹ)P(G)

=

∫
G

∫
Y∗

P(Ỹ,G) log P(Ỹ|Y∗,G)P(Y∗,G)
P(Ỹ|Y∗,G)P(Y∗)P(G)

=

∫
G

∫
Y∗

P(Ỹ,G) log P(Y∗,G)
P(G)P(Y∗)

=

∫
G

∫
Y∗

P(Ỹ|Y∗,G)P(Y∗,G) log P(Y∗,G)
P(G)P(Y∗)

≤
∫
Y∗

∫
G
P(Ỹ|Y∗,G)

∫
Y∗

∫
G
P(Y∗,G) log P(Y∗,G)

P(Y∗)P(G)

= EP(D)

[
log

P(Y∗,G)
P(Y∗)P(G)

]
= I(Y∗;G) (2)

Q.E.D. □

The above equality holds if and only if P(Ỹ|Y∗,G) = P(Y∗ |Y∗,G),
indicating that the training label is clean. From Theorem 3.1, we

observe that the mutual information I(Ỹ;G) can potentially be a

good indicator for distinguishing between reliable and unreliable

labels. But before applying this principle to real graph data, we aim

to investigate three questions: 1) Does Eq 2 hold true in real graph



CIKM ’25, November 10–14, 2025, Seoul, Republic of Korea. Wang et al.

Figure 1: Estimated mutual information lower bound be-
tween labels and features of Flickr and Roman-Empire under
different levels of uniform noise (10 Runs).

data? 2) Do uncorrupted labels share more mutual information with

the graph than observed noisy labels? 3) Do corrupted labels share

less mutual information with the graph than observed labels?

To investigate these questions, we conduct empirical studies

using a previously developed MI estimation method [1]. Without

loss of generality, we calculated the MI between node features and

noisy labels. Specifically, we computeI(X, Ỹ),I(X, Ỹ|Ỹ ≠ Y∗), and
I(X, Ỹ|Ỹ = Y∗). The experimental results presented in Figure 1

demonstrate that the lower bound of mutual information between

the feature and observed label decreases as the noise rate of the label

increases. Furthermore, we observe that uncontaminated labels

{Ỹ|Ỹ ≠ Y∗} maintain a high level of mutual information with

the features, whereas contaminated labels {Ỹ|Ỹ = Y∗} exhibit a
relatively low level of mutual information with the features. These

results demonstrate that mutual information is a reliable indicator

for identifying noisy labels and unreliable predictions.

Based on this finding, an intuitive solution for label noise-robust

graph learning is to maximize the mutual information maximiza-

tion objective defined in Eq. (2), which corresponds to the Info-max

principle [2]. But before going to the next step, we consider label

adjacency to be important information since neighboring labels gen-

erally follow specific distributions, like homophily or heterophily

assumptions [6, 42]. Label adjacency information is also considered

important in previous GLN studies [9]. Therefore, we introduce the

graph topology information as a known condition, i.e., changing

the objective to I
(
(Ŷ,A);G

)
. To maximize the objective in Eq. (2),

we can decompose the in the following form:

max

𝜃
I
(
(Ŷ,A);G

)
= H(G) − H (G|Ŷ,A), (3)

whereH(G) can be treated as a constant. Thus, the optimization

objective is minimizeH(G|Ŷ). When optimizing this objective, we

consider label adjacency to be important information since neigh-

boring labels generally follow specific distributions, like homophily

𝑌

𝑋𝐴

TFR

𝑌

𝑋𝐴

Nodes with Noisy Labels

Nodes with Clean Labels

Nodes with Pseudo-Labels

Over-fitting Prevented by TFR 

Figure 2: The basic idea of TFR. Clean labels share a higher
MI with𝑋 and𝐴. So TFR prevents over-fitting on noisy labels
with low MI by Feature Reconstruction(FR), and selects high
pseudo labels with high MI to enrich training data.

or heterophily assumptions [6, 42]. Label adjacency information is

also considered important in previous GLN studies [9]. Therefore,

we introduce the graph topology information as a known condition,

i.e.H(G| ˆY,A). This objective can be further decomposed by:

H(G|Ŷ,A) = H(X,A|Ŷ,A) = H(X|Ŷ,A)

= −
∑︁

P(X, Ŷ,A)log(P(X|Ŷ,A))

≥ −
∑︁

P(X)log(P(X|Ŷ,A))

= CrossEntropy(X, 𝑔𝜙 (Ŷ,A)). (4)

Introducing graph topology information A not only helps to

better capture the label adjacency information, but also simplifies

the optimization objective since we don’t have to model the joint

distribution P(X,A).
Therefore, maximizing I((Ŷ𝜃 ,A);G) can be achieved by learn-

ing another mapping function X̂ = 𝑔𝜙 (Ŷ,A) parameterized by 𝜙

to reconstruct the feature distribution and minimize Eq. (4). By

minimizing this reconstruction loss, the gradients will propagate

in the following direction: (X,A → 𝑔𝜙 → 𝑓𝜃 ), enforcing the pre-

diction of 𝑓𝜃 to correspond more with features and less with noisy

labels. In this way, I
(
(Ŷ𝜃 ,A);G

)
will theoretically reach its upper

bound I ((Y∗,A);G) so that the label prediction can share more

information with the true label.

4 Methodology
Based on the above insights, we propose a simple yet effective frame-

work for mitigating graph label noise called Topological Feature

Reconstruction (TFR). TFR learns a robust representation under

label noise by maximizing I
(
(A, Ŷ𝜃 ),G

)
, the basic idea of TFR

is illustrated at Figure. (2). This framework employs a two-stage

Graph Neural Network approach, comprising a backbone GNN and

a decoder GNN. The backbone GNN maps the features and topol-

ogy to the label space, making label predictions. In contrast, the

decoder GNN maps label predictions to the feature space, passing

supervision signals from the features to the backbone GNN while
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Graph with Noisy Labels Backbone GNN 𝒇𝜽

Decoder GNN 𝒈𝝓

?

?
?

?

?
?

Message Passing Label Prediction

𝑓𝜃: 𝑿, 𝑨 → ෡𝒀
min 𝐿𝑠𝑢𝑝

Message Passing with

Edge-Level Attention α

𝒈𝝓: 𝑓𝜃 𝑿,𝑨 , 𝑨 → ෡𝑿

min 𝐿𝑟𝑒𝑐𝑜𝑛

?

?
?

?

?
?

Feature Reconstruction

Pseudo-Label Selection

High-Confidence

Pseudo-Label
Low-Confidence

Prediction

min 𝐿𝑝𝑠𝑒𝑢𝑑𝑜

Predicting Node Classes

Nodes with Noisy Labels

Nodes with Clean Labels

Nodes with Pseudo-Labels

Nodes with Predicted Classes

Figure 3: The overall workflow of Topological Feature Reconstruction.

maximizing the mutual information between label and feature. The

overall workflow is depicted in Figure 3.

4.1 Topological Feature Reconstruction
In TFR, the function of backbone GNN 𝑓𝜃 is learning the mapping

relationship from the input features and the graph topology to

the output labels, which is a normal node representation learning

procedure.

Ŷ𝜃 = 𝑓𝜃 (X,A). (5)

Here, 𝑓𝜃 can be generalized to any GNN backbone, and we em-

pirically verify this generalization ability in section 5.

Theorem 3.1 reveal that maximizing I(Ŷ𝜃 ;G) can make Ŷ𝜃 the-

oretically share more information with Y∗. According to Eq. (4), this
objective can be achieved by minimizing −∑

P(X)log(P(X|A, Ŷ)).
Therefore, we utilize a decoder GNN to model P(X|A, Ŷ). As an
overview, the decoder GNN uses the output from the backbone

GNN and graph topology to reconstruct the feature distribution.

X̂ = 𝑔𝜙 (Ŷ,A) = 𝑔𝜙 (𝑓𝜃 (X,A),A) . (6)

To capture edge-level label adjacency relationships, we compute

edge-level instead of node-level representations. The decoder GNN

employs an edge-level attention mechanism to simultaneously re-

construct node features and select confident label predictions. For

edge-level attention computation, we adopt the same way as the

Graph Attention Network (GAT) [26]. Specifically, for each edge

(𝑢, 𝑣), the attention score 𝛼𝑢𝑣 is computed as follows:

𝛼𝑢𝑣 =
exp(𝜎 (𝑊𝑎𝑡𝑡 [𝜏 (𝑊𝑠𝑟𝑐 ŷ𝑢 ), 𝜏 (𝑊𝑑𝑠𝑡 ŷ𝑣)]))∑

𝑡 ∈N(𝑢 ) exp(𝜎 (𝑊𝑎𝑡𝑡 [𝜏 (𝑊𝑠𝑟𝑐 ŷ𝑢 ), 𝜏 (𝑊𝑑𝑠𝑡 ŷ𝑡 )]))
. (7)

Here,𝑊𝑎𝑡𝑡 ,𝑊𝑠𝑟𝑐 , and𝑊𝑑𝑠𝑡 are learnable parameters.𝑊𝑠𝑟𝑐 and

𝑊𝑑𝑠𝑡 project label distributions from label space to hidden space,

and 𝑊𝑎𝑡𝑡 is used to calculate the attention score. 𝜏 (·) and 𝜎 (·)
denote Sigmoid and ReLU activations, respectively. The aggregate

edge-level representation h𝑣 for each node 𝑣 is computed based on

the attention weights and label distribution. We use mean pooling

to aggregate edge-level representations:

h𝑣 = 𝜏 (Mean({𝛼𝑢𝑣𝑊 ℎ [𝑊𝑠𝑟𝑐 ŷ𝑢 ,𝑊𝑑𝑠𝑡 ŷ𝑣] : 𝑢 ∈ N (𝑣)})), (8)

where 𝜏 (·) denotes ReLU activation, and𝑊 ℎ
is a projection param-

eter that maps the label space to the hidden space. Our objective is

to maximize I
(
(Ŷ𝜃 ,A);G

)
, and excessive redundant parameters

in 𝜃2 can result in over-fitting I ((𝜙,A);G). To reduce the num-

ber of parameters in 𝑔𝜙 , we adopt the same projection parameters

𝑊𝑠𝑟𝑐 and 𝑊𝑑𝑠𝑡 in the attention calculation process. Finally, the

reconstructed feature distribution x̂𝑣 for each node 𝑣 is obtained

by:

x̂𝑣 = softmax(𝑊 𝑥
h𝑣), (9)

where𝑊 𝑥
is a projection parameter that maps the hidden space to

the feature space.

4.2 Pseudo-Label Selection
In real-world scenarios, there are often insufficient reliable labels for

training. This situation can be even worse when training labels are

contaminated by label noise. To gain more supervision signals from

the label space, one way is to utilize the pseudo-labeling strategy to

enrich the training labels. The major challenge when using pseudo

labels is identifying confident model predictions as pseudo labels.

A common approach is calculating the confidence score based on

the output of 𝑓𝜃 [7, 24, 39, 43]. However, in our work, we use 𝑔𝜙 to

objectively determine confident pseudo labels.

From our empirical study and theoretical analysis in section 3.2,

we know that unreliable predictions in Ŷ𝜃 will result in lower

mutual information I
(
(Ŷ𝜃 ,A);G

)
. So we want to select pseudo

labels that share more mutual information with graph data, as we

illustrated in figure. (2). To maximize I
(
(Ŷ𝜃 ,A);G

)
in Eq. 3, the

decoder GNN 𝑔𝜙 will automatically minimize the attention score
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on those edges connected with nodes with unreliable predicted

labels and exclude them from the feature reconstruction process. So

a higher attention score indicates that the specific label prediction

can be considered more reliable. Therefore, we utilize the attention

score defined in Eq.(7) to select reliable pseudo-labels. Specifically,

the label confidence 𝑠
𝑐𝑜𝑛𝑓
𝑣 for each node 𝑣 in the current epoch is

calculated as the average edge-level attention of all edges connected

to 𝑣 :

𝑠
𝑐𝑜𝑛𝑓
𝑣 =

1

𝑑𝑣

∑︁
𝑢∈N(𝑣)

𝛼𝑣𝑢 . (10)

The confidence values range from 0 to 1. During the training

phase, the predictions of nodes with the top-k highest confidence

are selected as pseudo labels:

T𝑠𝑒𝑙 = top𝑘 (𝑆𝑐𝑜𝑛𝑓 ). (11)

In each epoch, T𝑠𝑒𝑙 changes dynamically. This allows pseudo-

labels to be continuously adjusted during the learning process,

thereby reducing the impact of potential errors in pseudo-label

selection.

4.3 Objective Function
By leveraging feature reconstruction and pseudo labeling, we can

gain useful supervision signals from features and enlarged confident

pseudo labels. But since there exist unmodified labels in noisy

label Ỹ, we still consider the observed label as a useful source

of supervision signal, and minimize the cross-entropy between

the backbone output and observed label. Therefore, to train and

optimize TFR, we apply three loss functions collaboratively as the

model’s objective function.

Feature Reconstruction Loss: According to Eq. 3, to maximize

themutual information between the predicted label, graph topology,

and features, we minimize the cross-entropy between the recon-

structed feature and the original feature. The feature reconstruction

loss is defined as follows:

L𝑟𝑒𝑐𝑜𝑛 = −
∑︁
𝑣∈D

x𝑣 log(𝑔𝜙 (A, Ŷ𝜃 ))𝑣 . (12)

Pseudo-Label Loss:When there is a lack of sufficient reliable

labels for training, pseudo-labels selected by Eq. 11 can be consid-

ered a reliable source of additional supervision. We minimize the

cross-entropy between the backbone output and confident pseudo

labels. The loss based on pseudo-labels is defined as follows:

L𝑝𝑠𝑒𝑢𝑑𝑜 = −
∑︁

𝑣∈T𝑠𝑒𝑙
ŷ𝑣 log(ŷ𝑣) . (13)

Supervised Loss:Although there might be possible errors in the

training labels, we still regard the training labels as a valuable source

of supervision information. The supervised loss for the training

labels is calculated as follows:

L𝑠𝑢𝑝 = −
∑︁

𝑣∈D𝑡𝑟𝑎𝑖𝑛

ỹ𝑣 log(ŷ𝑣). (14)

Therefore, the overall learning objective is given by:

L = 𝛾𝑡 · L𝑝𝑠𝑒𝑢𝑑𝑜 + (1 − 𝛾𝑡 ) · L𝑠𝑢𝑝 + 𝛽 · L𝑟𝑒𝑐𝑜𝑛 . (15)

Here, 𝛾𝑡 is a heuristic dynamic balance factor that set to the

training accuracy of the current epoch 𝑡 . A high training accuracy

indicates over-fitting, leading to a higher𝛾 and prompting themodel

to focus more on learning from pseudo-labels. Although simple, this

design enables the model to learn from noisy labels during the early

under-fitting stage and gradually fit high-confidence pseudo-labels

thereafter. We further validate its effectiveness in Section 5.6. The

hyper-parameter 𝛽 is a trade-off weight, where a higher 𝛽 results

in greater robustness but lower expressive power, and vice versa.

4.4 Time Complexity Analysis
Let the hidden dimension be ℎ. For each hidden layer of the back-

bone GNN 𝑓𝜃 , the time complexity is O(𝐸 ·ℎ+𝑁 ·ℎ2), where O(𝐸 ·ℎ)
corresponds to message passing and O(𝑁 ·ℎ2) to linear transforma-

tions. For the decoder GNN𝑔𝜙 , the complexity of each component is:

(i) Edge attention computation: O(𝐸 ·𝑐 ·ℎ), (ii) Aggregate edge-level
representation: O(𝐸 · ℎ), (iii) Feature reconstruction: O(𝑁 · ℎ · 𝑑).
Thus, the overall time complexity of 𝑔𝜙 is O(𝐸 · 𝑐 · ℎ + 𝑁 · ℎ · 𝑑).
This analysis shows that the additional decoder introduces only

a moderate computational overhead, as its operations are funda-

mentally similar to those of a standard GNN. Consequently, TFR

maintains strong scalability in real-world applications. We further

validate this in Section 5.4.

5 Experiments
In this section, we conduct comprehensive experiments on bench-

mark datasets to answer the following questions:

RQ1: How does TFR perform compared to representative and state-

of-the-art GLN models?

RQ2: Can TFR be generalized to different GNN backbones?

RQ3: What is the computational efficiency of TFR?

RQ4: What is the effect of different components in TFR?

RQ5: How do hyper-parameters impact the performance of TFR?

5.1 Experimental Settings
5.1.1 Datasets. We perform node classification experiments under

label noise on five widely adopted benchmark datasets, including

two citation networks, DBLP [21] and OGBN-Arxiv [13], two online

social networks, BlogCatalog and Flickr [37], and oneword network,

Roman Empire [23]. The detailed statistics of each dataset are shown

in Table 1. These datasets vary in scale (ranging from 5,196 to

169,343 nodes), average degrees (ranging from 2.90 to 66.11), and

homophily (ranging from 0.05 to 0.83; we follow the homophily

definition in [41]), allowing for a multidimensional evaluation of

our proposed method and other baseline methods.

Data Split. For BlogCatalog, Flickr, Roman Empire, and DBLP,

we adhere to the splitting strategy employed in the popular GLN

Benchmark NoisyGL [29], which involves a random split with a

specified percentage. For the large-scale datasets OGBN-Arxiv, we

utilize the original fixed splits provided in OGB [13].

Label Noise Injection. For label noise injection, we follow the

most commonly used experimental setting in NoisyGL [29]. Specif-

ically, we first generate a label transition probability according to

the label noise definition in Section 3.1. Then, for each clean label

in the training and validation sets, we draw a noisy label from a

categorical distribution according to its corresponding transition

probability. These noisy labels are used for the training and model
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Table 1: Overview of the Dataset Statistics.

Dataset # Nodes # Edges # Feat. # Classes # Homophily Avg. # degree Split (#Train/#Valid/#Test)

BlogCatalog 5,196 343,486 8,189 6 0.40 66.11 (5%/ 15%/ 80%)

Flickr 7575 239738 12047 9 0.24 63.30 (5%/ 15%/ 80%)

DBLP 17,716 105,734 1,639 4 0.83 5.97 (1%/ 15%/ 84%)

Roman-Empire 22,662 32,927 300 18 0.05 2.90 (5%/ 15%/ 80%)

OGBN-Arxiv 169,343 583,121 128 40 0.66 6.89 (90,941/ 29,799/ 48,603 )
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Figure 4: Experiment results on Blogcatalog, DBLP, Flickr, and Roman-Empire under different types of label noise. (10 runs)

selection procedures, while the original clean labels are used to test

the model’s generalization ability on clean data.

5.1.2 Baselines. We conduct a comparative analysis of our meth-

ods against ten state-of-the-art baselines. The comparison includes

three Loss Regularization methods: CP [40], Union-Net [19], and

PIGNN [9]; one Curriculum Learning method: CLNode [30]; three

Graph Structure Learning methods: NRGNN [7], RTGNN [24], and

RNCGLN [43]; one Label Propagation method: R2LP [6]; and two

Contrastive Learning methods: CGNN [39] and CRGNN [18]. We

employ three widely used Graph Neural Network (GNN) models as

backbones and baselines, specifically GCN [16], GraphSAGE [11],

and GIN [35]. For two highly heterophily datasets, Flickr and Ro-

man Empire, we additionally include three heterophily GNNs, i.e.

GCNII [4], H2GCN [42], GGCN [36].

5.1.3 Implementation Settings. To ensure a fair comparison, we

adhere to the method configurations outlined in NoisyGL [29], with

hyperparameters fine-tuned carefully to achieve optimal perfor-

mance. For three heterophily GNNs, we tune their hyperparam-

eters using Neural Network Intelligence (NNI). In our proposed

TFR approach, we explore the search space of the trade-off hyper-

parameter 𝛽 , defined as {0.01, 0.05, 0.1, 0.5, 1, 5, 10, 50, 100}, and

the pseudo label threshold parameter 𝐾 , defined as {0.01, 0.02, 0.03,
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Table 2: Generalization experiments onGCN,GIN, andGraph-
SAGE, under 30% uniform noise. (10 runs)

Dataset DBLP BlogCatalog OGBN-Arxiv

GraphSAGE 66.33 ± 2.69 74.95 ± 1.92 63.11 ± 0.28

Ours+SAGE 75.48 ± 0.90 88.60 ± 3.98 64.04 ± 0.23
Improvement +13.79% +18.21% +1.47%
GIN 65.29 ± 4.22 58.24 ± 4.44 49.45 ± 2.53

Ours+GIN 73.70 ± 6.51 80.65 ± 9.63 68.19 ± 0.41
Improvement +12.88% +38.47% +37.89%
GCN 69.63 ± 2.69 69.48 ± 2.69 62.59 ± 0.24

Ours+GCN 76.97 ± 1.58 80.20 ± 7.82 64.58 ± 0.14
Improvement +10.11% +15.42% +3.17%

0.04, 0.05, 0.06, 0.07, 0.08, 0.09, 0.1, 0.2, 0.3, 0.4, 0.5}. For each model,

we use validation set accuracy as the early stopping criterion to

maximize the model’s generalization capability.

5.2 Main Results (RQ1)
The datasets utilized in these experiments can be primarily cate-

gorized into two groups: the first group comprises graph datasets

with relatively high homophily, i.e., Blogcatalog and DBLP, and

the second group includes highly heterophily graph datasets from

Flickr and Roman-Empire. For each dataset, we evaluate the per-

formance of all candidate methods under 0% − 50% uniform, pair,

and instance-dependent noise, respectively. On the DBLP dataset,

TFR uses GCN as backbone; On the other three datasets, TFR uses

GraphSAGE as backbone. Main results are illustrated in figures 4,

and we report the mean accuracy of 10 runs. From these results,

we have the following observations:

TFR consistently outperforms other baseline methods in
most conditions. The curve tendency and comparison demon-

strate TFR’s capability in mitigating label noise on both homophily

and heterophily graphs. This verifies the effectiveness of our TFR in

noise graph learning. Further, similar to all other baseline methods,

we can also observe that the improvement of TFR on the backbone

GNN under 50% pair noise is not very significant. One possible ex-

planation is that when the pair noise rate exceeds 50%, labels tend

to be swapped with other labels, resulting in minimal useful infor-

mation regarding the original label. In such scenarios, re-labeling

the data is usually a more effective approach.

Impact of different noise types. For uniform noise, as noise

levels rise, the degradation in test accuracy is generally gradual for

TFR compared to baselines. This highlights the capability of TFR to

handle random label corruption. Furthermore, TFR also achieves

remarkable performance under instance-dependent label noise, in-

dicating its strong potential to deal with complex, real-world label

noise scenarios. The effect of pair noise is more pronounced, with

accuracy dropping faster than that of uniform noise and instance-

dependent noise for all methods. Even though TFR still maintains

a performance advantage over baselines.

5.3 Generalization Study (RQ2)
To evaluate the effectiveness of the proposed TFR in enhancing

the robustness of various backbone GNNs under label noise, we
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Figure 5: Time consumption and test accuracy of different
methods on DBLP, 30% uniform noise. (10 runs)

Figure 6: Ablation study on DBLP, 30% pair noise. (10 runs)

conduct generalization experiments on three backbone GNNs, i.e.,

GraphSAGE [11], GIN [35], and GCN [16], under 30% uniform

noise, both with and without TFR, across the DBLP, BlogCatalog,

and OGBN-Arxiv datasets. We report the mean test accuracy and

corresponding standard deviation over 10 runs. The results are

presented in Table 2. From these results, we can observe that TFR

can substantially improve the robustness of different backbone

GNNs to label noise in most cases. For instance, TFR improves

the test accuracy of GCN, GIN, and GraphSAGE on BlogCatalog

by 15.42%, 38.47%, and 18.21%, respectively. This provides strong

evidence that TFR can effectively prevent overfitting on noisy labels

on various GNN backbones.

5.4 Efficiency Study (RQ3)
In real-world applications, computational efficiency is a crucial

consideration. Generally, there is a trade-off between computa-

tional efficiency and model performance. Our primary concern is

whether our method has achieved a balance between the two. For

all methods, we report the mean test accuracy and processing time

(time consumption until the highest valid accuracy) on DBLP un-

der 30% uniform noise across 10 runs, using an NVIDIA L20 GPU

with 48GB memory. The results are shown in Figure 5. These re-

sults indicate that while TFR consumes more time than backbone

GNNs, it achieves a reasonable trade-off between performance and

computational efficiency. In contrast, some other methods require

significantly more time to converge, even necessitating thousands

of times more processing time than GNNs.
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Figure 7: Hyper-parameter sensitivity analysis of 𝛽 and 𝑘
on Flickr under 30% uniform noise (Left) and 30% pair noise
(Right), 10 runs.

5.5 Ablation Study (RQ4)
Our TFR framework consists of two components: feature recon-

struction and pseudo-labeling. We empirically verify the effective-

ness of the two components of TFR through an ablation study.

Specifically, we do an ablation study on Pseudo Labeling by directly

removing L𝑝𝑠𝑒𝑢𝑑𝑜 . Since the confidence score for pseudo-labeling

is calculated based on feature reconstruction, we implemented gra-

dient decoupling between backbone and decoder GNN to do an

ablation study on Feature Reconstruction, i.e., cut off the gradi-

ent flow 𝑔𝜙 → 𝑓𝜃 . Given that the pseudo-labeling is primarily

designed to mitigate label scarcity, we use only 1% of nodes in

the DBLP dataset for training in this experiment. We report the

mean test accuracy and corresponding standard deviation over

10 runs. As shown in Figure 6, combining L𝑟𝑒𝑐𝑜𝑛 and L𝑝𝑠𝑒𝑢𝑑𝑜

achieves optimal robustness – this confirms the synergistic effect

of feature reconstruction and pseudo labeling. And using L𝑟𝑒𝑐𝑜𝑛

alone improves backbone robustness, while using L𝑝𝑠𝑒𝑢𝑑𝑜 alone

shows limited benefits. These results validate the crucial role of

the feature-reconstruction component in our method, as well as

demonstrating the role of pseudo-labeling to provide reliable su-

pervision signals. We also observed that removing L𝑟𝑒𝑐𝑜𝑛 leads

to a greater performance drop. According to Eq. (10), this may be

because pseudo-label selection fundamentally depends on mini-

mizing L𝑟𝑒𝑐𝑜𝑛 . Removing L𝑟𝑒𝑐𝑜𝑛 would affect the attention score

computation, thus affecting the reliability of the confidence score.

5.6 Hyperparameter Analysis (RQ5)
How does the two key hyper-parameters 𝛽 and 𝐾 affect the
performance of TFR ? From the definition, a higher 𝛽 increases

robustness to label noise but decreases alignment with the original

labels. 𝐾 determines the confidence score threshold for considering

a pseudo label as a reliable supervision signal. We conduct sensi-

tivity analysis on Flickr under 30% uniform noise and pair noise,

and report the mean test accuracy of 10 runs. As shown in Fig-

ure 7, we observe that (i) 𝛽 is sensitive to different types of label

noise, as trends change significantly with different noise types; (ii)

A low 𝛽 results in a significant performance decline, as the mutual

information between labels and features is not fully maximized,

reducing the model’s ability to resist label noise. Besides, since the

feature reconstruction model is not well trained, the confidence

score calculated from the attention score 𝛼 becomes unreliable,
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Figure 8: Analysis of balance factor 𝛾 on Flickr under 30%
uniform noise: Comparison between the proposed dynamic
𝛾 (Left), and a fixed 𝛾 = 0.5 (Right).

further rendering the selected pseudo-labels unreliable; (iii) TFR is

generally not sensitive to variations of 𝐾 .

How does the dynamic balance factor 𝛾 evolve during
training, and how does it affect model performance? To an-

swer these questions, we track three metrics: (a) Balance fac-
tor 𝛾 . (b) Erroneous training label match rate: the fraction

of backbone predictions that match corrupted (wrong) training

labels—indicating overfitting. (c) Pseudo label accuracy: the ac-
curacy of high-confidence pseudo-labels compared to clean labels.

Results are shown in Figure 8 (Left), We observe: (i) In early training,

the model quickly over-fits to noisy labels, while 𝛾 rises sharply

to suppress noisy supervision. (ii) Around epoch 15, 𝛾 peaks as

pseudo-label accuracy improves, and overfitting to incorrect labels

drops significantly. (iii) In later stages, all metrics stabilize. We

also evaluate a fixed 𝛾 = 0.5 (Figure 8, Right) for comparison. This

setting fails to suppress overfitting and causes a sharp decline in

pseudo-label accuracy in later epochs. These results indicate that 𝛾

can effectively balance supervision from training and pseudo-labels,

thereby helping mitigate over-fitting to noisy labels.

6 Conclusion
In this paper, we analyze label noise in graphs from an information-

theoretic perspective and propose a simple yet effective GLNmethod

called Topological Feature Reconstruction (TFR). TFR leverages the

insight that reliable labels share higher mutual information with the

graph data, thereby modeling robustness through topological fea-

ture reconstruction and high-confidence pseudo-labels. Extensive

experiments on datasets of varying properties demonstrate that

TFR outperforms current state-of-the-art baselines. Limitation
and Future work: We also recognize that the application scenar-

ios of TFR are limited, as we do not specifically account for structure

noise and feature noise in graph adversarial attack settings. Future

work includes exploring robust graph learning strategies that are

simultaneously resilient to label, feature, and structure noise.
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