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Abstract. DNNs are highly susceptible to noisy labels, often leading
to unstable training and severe performance degradation. Graph-based
methods have emerged as a promising solution, utilizing sample rela-
tionships to refine labels through neighborhood aggregation. However,
most existing approaches rely on dense connectivity (e.g., KNN graphs),
which tends to aggregate noisy cues and cause oversmoothing. While
sparse graphs offer a potential remedy, current sparse topologies often
suffer from blind error propagation between samples, particularly for
hard samples near class boundaries. To address these challenges, we pro-
pose Maximum Spanning Tree (MST) Guided Confidence and Sparse
Graph Network (MST-GCSN). We introduce the MST as a robust sparse
backbone to filter out redundant local noise while preserving a global
manifold skeleton. To rectify the indiscriminate mutual influence between
nodes, a Confidence-Gated Propagation (CGP) mechanism is designed
to adaptively regulate information flow based on node reliability, ensur-
ing that only high-confidence semantic signals are propagated. Building
on this optimized structure, a Progressive Label Prediction (PLP) mod-
ule integrates local information and global anchor-guided cues to itera-
tively correct labels. Extensive experiments on synthetic and real-world
noisy datasets demonstrate that MST-GCSN significantly enhances ro-
bustness.
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1 Introduction

Deep neural networks (DNNs) have demonstrated superior achievements in many
computer vision tasks, such as image classification [20,35]. The outstanding per-
formance of DNNGs is largely attributed to supervised training using large-scale,
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high-quality, human-labeled datasets, such as ImageNet . However, collecting
large-scale datasets with precise annotations is both costly and time-consuming,
particularly for tasks that require expert knowledge, such as medical image anno-
tation . To address this issue, researchers have turned to alternative methods,
including crowd-sourcing platforms and web search engines , to obtain
more affordable label annotations. Unfortunately, these methods often lead to
unavoidable noisy labels, which can degrade model performance due to the strong
learning capabilities of DNNs . Therefore, developing robust models that can
effectively learn from noisy labels is of critical importance.
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Fig. 1: Illustration of the challenges in existing feature-space methods for Learning with
Noisy Labels (LNL). (a) KNN-based LNL struggles with unreliable feature similarity,
causing cross-class information propagation among hard samples near class boundaries.
Additionally, fixed k-neighbor graphs result in overly dense connections, which amplify
local noise. (b) GCN-based LNL constructs suboptimal graph topologies containing
shortcut edges that incorrectly bridge unrelated clusters (e.g., tigers and cats). Fur-
thermore, it lacks node reliability modeling, allowing low confidence nodes (near class
boundary) to propagate incorrect information to neighborhoods (Error Propagation).

Various methods have been proposed to address noisy labels,
which mainly fall into three categories: label correction , sample se-
lection , and sample reweighting . Label correction methods
commonly aim to rectify labels using the noise transition matrix or model
predictions [28l[56]. Sample reweighting is deemed as a variant of sam-
ple selection, where a soft weighting scheme replaces the binary 0/1 assignment
by assigning greater weights to higher-confidence samples. Sample selection aims
to divide training data into clean and noisy subsets. Loss-based methods
leverage the small-loss assumption to identify clean samples, though they often
struggle when high noise levels cause loss distributions to overlap. Alternatively,
feature-based selection methods identify clean samples via repre-
sentation similarity.

Despite their progress, these feature-space methods, particularly KNN-based
ones , still encounter two key challenges: learning from dense and
unreliable similarity signals during training, as illustrated in Fig. a).
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Specifically, (i) unreliable neighborhood similarity: KNN-based methods rely
on raw, sample-wise neighbor information derived purely from feature proxim-
ity. However, such sample-wise personalized information may not reflect true
semantic relationships, especially for class boundary or hard samples, leading
to locally coherent but globally inconsistent neighborhoods. As illustrated in
Fig. (a), such samples may be incorrectly grouped with visually similar but
semantically different neighbors. (ii) Overly dense neighborhood connectivity:
Fixed k-neighbor graphs tend to produce overly dense local connectivity, increas-
ing the risk of propagating noisy information and amplifying label corruption
in the neighborhood. As shown by the densely connected region in Fig. (a),
these connections may link unreliable neighbors together, which amplifies noisy
signals and propagates errors within the neighborhood.

To better capture higher-order relationships beyond raw pairwise similarity
while encouraging a more sparse and structured topology, graph-based model-
ing with message propagation, such as Graph Convolutional Networks (GCNs)
|6], provides a promising direction. However, as illustrated in Fig. b), exist-
ing GCN-based paradigms still encounter two challenges: (i) Suboptimal graph
topology construction: the graph structure used by GCNs is typically constructed
by connecting samples with their nearest neighbors based on feature similarity.
Such locally greedy connections focus only on the most similar nearby samples
and do not consider the global similarity structure of the data. As a result, the
constructed graph may introduce shortcut edges that incorrectly connect sam-
ples from different semantic clusters, as illustrated in Fig. (b) (ii) Lack of node
reliability modeling: GCN propagation typically assumes equal reliability for all
nodes during message passing. However, samples near class boundaries are of-
ten less reliable due to ambiguous semantics or noisy labels. As illustrated in
Fig. b), such boundary samples may still participate in propagation with the
same importance as reliable ones, allowing incorrect information to spread along
the graph and accumulate through multiple propagation steps.

Facing these challenges, we observe that Maximum Spanning Tree (MST)
avoids redundant local connections and reduces shortcut edges by selecting only
the most informative edges that maximize global similarity. Based on this obser-
vation, we introduce the MST structure into the noisy label learning task and
consequently propose MST-GCSN. Specifically, (i) to address the suboptimal
graph topology construction, we build an MST over feature similarities to
preserve informative connections while reducing shortcut edges between differ-
ent semantic clusters. (ii) To address the lack of node reliability modeling, we
propose a dual-stage propagation framework. First, Confidence-Gated Propa-
gation (CGP) regulates feature-level information flow by suppressing uncertain
nodes based on their prediction confidence. Second, Progressive Label Prediction
(PLP) rectifies pseudo-labels by adaptively fusing individual, local, and global
cues, where the contribution of each cue is dynamically weighted by its pre-
diction certainty. Finally, an entropy-based confidence weight is applied to the
training objective to prevent uncertain labels from dominating the optimization.

Accordingly, the key contributions of MST-GCSN are summarized as:
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Fig. 2: The framework of our MST-GCSN. An MST graph is first constructed for each
batch in the training dataset, where both the samples and the class feature anchors
serve as nodes, and the joint similarity that incorporates both feature similarity and
class probability distribution is used as edge weight. Further, feature state propagation
between connected neighbors is introduced to refine the node representations. These
updated features are then passed through a classifier to produce class probability dis-
tributions. Based on this, the Progressive Label Prediction is proposed by aggregating
cues from neighboring nodes and class anchors, where each sample is subsequently
assigned an adaptive weight based on the entropy of its probability distribution.

— Sparse Graph Construction (SGC): A dynamic MST-based graph is con-
structed to selectively preserve semantically reliable connections while prun-
ing noisy edges, enabling boundary and hard samples to receive stable global
guidance from high-confidence anchors.

— Confidence Gated Propagation (CGP): A confidence-aware gating mecha-
nism is proposed to modulate feature propagation along MST edges, am-
plifying signals from reliable (high-confidence) regions and suppressing the
influence of uncertain or noisy neighbors.

— Progressive Label Prediction (PLP): Our PLP incorporates individual, local
and global label information while adjusting multi-scale signal weights based
on prediction confidence, ensuring the generation of robust pseudo-labels.

— Experiments on both synthetic and real-world benchmarks demonstrate that
our framework consistently outperforms state-of-the-art methods across var-
ious noise types.
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2 Related Work

Researchers have explored numerous robust training strategies for learning with
noisy labels. Existing LNL methods can be broadly classified into two main
categories: sample selection [13]21,34] /re-weighting [441/52], label correction [41}
55./58|. Currently, the methods achieving superior performance typically leverage
both selected clean labels and corrected noisy labels for training.

Sample Selection/Re-weighting. A straightforward approach for han-
dling noisy labels is to distinguish clean samples from noisy ones. Previous sam-
ple selection methods typically treat low-loss or high-confidence samples as clean.
For example, DivideMix [28] identifies the clean subset by modeling the loss dis-
tribution using a Gaussian Mixture Model (GMM). FINE |24] proposes a sample
selection method based on eigenvector decomposition, where clean samples tend
to be closer to the class-dominant eigenvector of the latent representations com-
pared to noisy-label samples. Sample reweighting |9,|40] can be seen as a variant
of sample selection, where instead of applying a binary 0/1 decision to include
or exclude samples, a more gradual and adaptive weighting scheme is employed
to reflect the reliability of each training instance. These methods assign larger
weights to samples more likely to be clean, thereby mitigating the impact of
noisy samples. For example, SED [39] dynamically adjusts sample weights based
on a normal distribution, assigning higher weights to high-confidence samples
and lower weights to low-confidence ones. However, these approaches are inher-
ently limited by their reliance on individual sample statistics, such as loss or
confidence, without considering the underlying structural relationships among
samples. This often results in unreliable selection or weighting, especially for
hard samples that exhibit ambiguous features or lie near decision boundaries.

Label Correction. Another intuitive approach to address noisy labels is
to correct the labels of noisy samples before training the model and then use
the corrected samples for model training [12,[31/53]. Early studies, e.g. Dual-
T [57] aim to correct training labels by estimating the noise transition matrix.
Patrini et al. [37] introduce an additional layer to estimate the noise transition
matrix. However, accurately estimating the transition matrix remains challeng-
ing in real-world scenarios. Thus, other approaches attempt to correct noisy
labels by leveraging the predictions of DNNs [26}45,/46]. PENCIL [58] intro-
duces an end-to-end approach to directly learn label distributions for corrupted
samples. Nevertheless, DNNs tend to accumulate label correction errors [13] dur-
ing iterative training, where incorrect pseudo-labels are repeatedly reinforced as
supervision signals. Furthermore, most existing methods ignore the structural
dependencies among training samples. Specifically, they neglect both local per-
sonalized information and global guidance from high-confidence samples, which
are essential for robust label refinement.

3 Method

To avoid confusion, lowercase letters denote scalars, while bold lowercase letters
denote vectors.
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Problem Setup. Formally, we consider a K-class (K > 2) classification prob-
lem. Given a training dataset with noisy labels Dyrgin = {(%4, )}, where
x; denotes the i-th sample, y; € {1, ..., K} is its label which might be incorrect
and n is the number of samples. In a standard supervised learning paradigm, a
Deep Neural Network (DNN) typically consists of a feature extractor f(-) and a
classifier including a softmax layer h(-). Given a training set Dirqin, the model
is trained to minimize the empirical risk through the cross-entropy (CE) loss:

Log = %Zé(pivyi)v (1)

i=1

in which p; is the predicted probability vector of x;, ¢ denotes the cross entropy
loss function. Due to the memory effect 1| of DNNs, networks tend to first fit
clean samples before gradually overfitting noisy labels, which ultimately deterio-
rates generalization performance. Our goal is to train a robust feature extractor
f(-) and a classifier h(-) on the training set Dyqin With noisy labels to perform
prediction on the test set Dy sy with accurate labels.

The procedure of our method is illustrated in Fig. 2] We provide the technical
details of our method as follows.

3.1 Sparse Graph Construction

First, we perform a warm-up stage on the training set Dy,q;n for T,, epochs to
establish basic feature representations for our model training.

To address the dense and unreliable connectivity of KNN graphs, we intro-
duce an MST-based approach. By integrating global semantic anchors with the
MST algorithm, we extract a sparse yet robust skeleton of the data manifold.
This topology preserves critical semantic connections while eliminating redun-
dant shortcut edges that propagate label noise.

Graph nodes and similarity estimation. The graph G = (V, £) is defined

over a node set V that incorporates both batch samples and global class anchors.
Given an input batch B = {(z;,;)}2,, the node set is constructed as V =
{f(z:)}B., UA, resulting in ng = B + K nodes. Here, A = {a.}X ; denotes the
set of global class anchors which serve as stable semantic landmarks. We define
Ix ={1,...,B}andZy ={B+1,...,B+ K} as the indices for sample nodes
and anchor nodes, respectively. To accurately model the relationships between
nodes v; and v;, we compute a fully connected similarity matrix E € R"¢*"¢
as:
lvi = ;5
T)‘(l—JS(PiHPj)» (2)
where v; denotes the feature representation of node %, which corresponds to either
f(x;) for sample nodes or a. for anchor nodes. o is the standard deviation
of all distances in each mini-batch, and JS(:||-) denotes the Jensen—Shannon
divergence.

Although FE encodes comprehensive pairwise relationships, a fully connected
graph introduces significant computational overhead and noisy shortcut edges.

E;; =exp(—
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To preserve only the most reliable semantic connections, we employ the Bernard
Chazelle algorithm [4] to construct a Maximum Spanning Tree G,, = (V, &)
based on E. By maximizing the total edge weight, the MST yields a sparse
backbone that connects all nodes via their strongest mutual similarities, which
effectively filters out redundant local connections.

Global Anchor Update. To ensure the graph remains semantically grounded
despite label noise, we maintain and update global class anchors A throughout
the training process. (i) Initialization: At the start of training, we leverage
the DNN’s early memorization effect to initialize anchors a. via probability-
weighted aggregation: o, = >, 1 Pic f(Ti)/d 4 ez, Pics Where I, = {z; |
argmaxp, = c} and p; . denotes the predicted softmax probability of the x;
over its c-th class. (ii) Iterative Update: As training progresses, we shift from
probability-based initialization to structure-consistent refinement. A node is con-
sidered a confident representative of its class if its predicted label is consistent
with all its neighbors. We update the anchor feature by averaging these struc-
turally consistent nodes: o = ﬁ Ziezk, v;. If no such nodes are found, the
previous anchor is retained to maintain stability.

3.2 Confidence-Guided Propagation and Label Prediction

To mitigate the influence of noisy mutual-sample interaction due to the ne-
glect of node reliability, we perform a dual-stage propagation process over the
constructed MST based on the node confidence. This process first refines node
features through confidence-gated aggregation and then predicts pseudo labels
by fusing local and global structural cues.

Node Confidence Estimation. We first quantify the reliability of each
node using prediction uncertainty. Given the softmax probability p, = h(v;)
from the DNN, its entropy is defined as H(p;) = — Zszl ik log p; . To obtain
a normalized confidence score, we define it as r; = 1 — H(p;)/log K, such that
r; € [0,1], where nodes with more confident predictions obtain larger weights in
subsequent propagation.

Confidence-Gated Propagation (CGP). To suppress noisy personal-
ized information while encouraging intra-class compactness, we propagate states
along the MST edges. The aggregation weight from node v; to node v; is regu-
lated by the neighbor’s confidence:

_ - B
- 9
> ken(iy Tk Bk

where N; denotes the neighbors of node v;. With the aggregation weight w; ;,
the node feature v; is then updated as:

Ti=vivi+(1—7)- Y, wji-vj, (4)
FEN ()

(3)

Wj,i

where v; = r;/(r; +7;) and 7; is the average confidence of neighbors. This mech-
anism ensures that confident nodes retain their original features, while uncertain
nodes rely more on their reliable neighbors.
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Progressive Label Prediction (PLP). After obtaining the refined fea-
tures v;, we further predict pseudo labels by fusing node-level predictions, per-
sonalized local neighborhood information and high-confidence global class-level
cues. This fusion strategy ensures that labels not only preserve the inherent char-
acteristics of the samples themselves but also align with the immediate neighbors
and the overall class structure.

Specifically, since the refined feature v; incorporates filtered neighborhood in-
formation, its direct prediction p; provides a strong baseline. To further enhance
robustness, we compute a local class probability estimate pé by aggregating the
predictions of neighboring nodes as:

pi = Z Wi Py (5)

v, EN(’i)

where p; denotes the predicted softmax probability of v, and w;; denotes the
propagation weight from v; to v; in Eq. [3] This local estimation leverages the
homophily property of the MST, where connected nodes are likely to share the
same semantic label.

While local estimates handle cluster-wise consistency, they may still be biased
if an entire local neighborhood is corrupted. To counteract this, we incorporate
global semantic guidance by propagating labels from high-confidence class an-
chors. Unlike KNN-based methods that only consider immediate neighbors, we
utilize the tree-structured topology of the MST to find the most reliable prop-
agation paths from reliable class anchors. The global estimate pY is defined as:

H( )Epath(a—i) E“av
PT?: Z (E u,v)EP a— — Y., (6)

a€la 0€TLy H(u,v)Epath(oﬁi) E

where Z4 denotes the set of indices of anchor nodes and y, is the one-hot class
indicator vector associated with anchor node v,, determined by the specific class
prototype. v and v are the indices of nodes along the path from anchor node
v, to sample node v;. By aggregating cues along the maximal similarity path,
it naturally suppresses the influence of anchors that are semantically distant,
ensuring that each sample is guided by its most relevant global prototype.

To balance these two perspectives, we first merge the local and global esti-
mates into a unified distribution p,:

pi=Ap+(1-X-p (7)

where ) is a hyperparameter (set to 0.5) to control the contribution between the
local estimates pl and global estimates p.
Finally, the refined pseudo-label distribution p; is generated by:

P =pi P+ (1—pi) D, (8)
where the fusion weight p; = max(p,;)/(max(p;) + max(p;)) adaptively assigns
more weight to the more certain distribution. This multi-level fusion effectively

filters out noise at different scales, predicting reliable pseudo-labels for subse-
quent supervised learning.
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3.3 Overall Framework

Training Loss. To supervise the model with the refined pseudo-labels while ac-
counting for their varying reliability, we introduce an entropy-based reweighting
mechanism. This adjusts each sample’s influence based on its prediction confi-
dence to prevent uncertain labels from dominating the optimization. Specifically,
for each sample @; with refined pseudo label §; = arg max(p;), we compute a
normalized confidence weight #; = 1 — H(p;)/log K and define the weighted
cross-entropy loss as:

R .
EWC’E = E Zri ' é(Pmyi)» (9>
=1

where p, is the predicted probability vector for x;.

Furthermore, to enhance representation discriminability, we incorporate a
Supervised Contrastive Loss Loy, |22]. Leveraging the refined pseudo-labels g
and enhanced features o, this objective pulls together positive pairs (samples
with identical pseudo-labels) and repels negative pairs within the mini-batch,
effectively regularizing the manifold structure captured by the MST.

Finally, the overall training objective integrates all components as:

L=Lwcr+ Lcr. (10)

The complete training procedure of our method is summarized in Alg. [T}

Algorithm 1 Training of the proposed MST-GCSN

Require: Training dataset Dirqin, feature extractor f, classifier h, warm-up epochs
Tw, max iterations Tiax,
# Warm-up: learn initial features and establish class anchors

1: fort=1to T, do
2: Pre-train feature extractor f and classifier h using Eq. on Dirain.
3: Initialize class anchors a.
4: end for
Main training: graph construction, feature propagation, label prediction, and
model optimization
5. for t =Ty + 1 to Thax do
6: Extract deep representations v; = f(a;) for batch B.
T Compute pairwise edge weights via Eq. to form a fully connected graph.
8: Construct the MST using Chazelle’s MST algorithm.

9: Refine graph node features using Eq. and Eq. .
10: Perform progressive label refinement via Eq. —Eq. .
11: Optimize f and h using Eq. .

12: Update class anchors a.
13: end for

Output: Optimized feature extractor f and classifier h.
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4 Experiment

4.1 Experimental Setup

Following previous studies [29}32,/42L[48], we validate our method on three stan-
dard LNL benchmark datasets: CIFAR-10 |25], CIFAR-100 [25], and WebVision-
50 [30]. For the CIFAR benchmarks, we adopt PreAct ResNet-18 [14] as the
backbone network. All models are optimized using SGD with momentum 0.9
and weight decay 10~*, with a mini-batch size of 256. We train for 300 epochs
in total and employ a 5-epoch warm-up stage. We set the initial learning rate as
0.1, and reduce it by a factor of 10 after 100, 200 and 250 epochs, respectively.
For WebVision-50 benchmark, we use the standard ResNet-18 as the backbone
network, and train it using SGD with momentum 0.9 and weight decay 1074,
with a mini-batch size of 128. The network is trained for 150 epochs in total with
a 20-epoch warm-up stage. We set the initial learning rate as 0.1, and reduce it
by a factor of 10 after 70, 100 and 130 epochs.

Table 1: Comparison with SOTA methods in terms of testing accuracy (%) on two
datasets with synthetic noises. The best and 2nd best results are marked in bold and
underline, respectively. Avg denotes the average accuracy across different noise settings
for each dataset, and Overall Avg is the overall mean across both datasets.

Dataset CIFAR-10 CIFAR-100
. Overall

Noisy Type Sym Asym Avg Sym Avg Avg
Noise Ratio 20% 50% 80% 90% 40% |20% 50% 80% 90% I
Cross-Entropy 82.7 57.9 26.1 16.8 76.0 51.9||61.8 37.3 88 3.5 27.9| 39.9
P-correction [58](cvpri10) 92.0 88.7 76.5 58.2 91.6 81.4|/68.1 56.4 20.7 8.8 38.5| 60.0
ELR [32](Newtrs'20) 95.8 94.8 93.3 78.7 93.0 91.1|[77.6 73.6 60.8 33.4 61.4| 76.3
DivideMix [28](1cLr 20) 95.0 93.7 92.4 74.2 91.4 89.3||74.8 72.1 57.6 29.2 58.4| 73.9
MOIT [36](cvprra1) 93.1 90.0 79.0 69.6 92.0 84.7([73.0 64.6 46.5 36.0 55.0| 69.9
TCL [16]cvprezs) 95.0 93.9 925 89.4 92.6 92.7|/78.0 73.3 65.0 54.5 67.7| 80.2
PLM [62]cvproas) 93.8 92.6 88.0 63.3 85.3 84.6|/74.5 70.2 45.2 20.5 52.6| 68.6
UNICON+HMW [61](aaar24)||92.7 95.1 93.6 90.1 93.2 92.9|/74.0 73.6 62.2 42.3 63.0| 77.9
DULC [54](aaar2s) 96.6 96.0 95.0 93.5 95.2 95.3|{79.4 76.4 67.7 52.8 69.1|| 82.2
PLReMix [33](wacv2s) 96.4 95.3 94.8 924 94.7 94.7||77.8 77.3 68.4 49.4 68.2|| 815
Our MST-GCSN ||96.6 96.2 94.7 93.2 95.4 95.2||78.4 76.7 68.7 56.3 70.0|| 82.6

4.2 Results on Synthetic Noisy Datasets

We conduct experiments on two synthetic noisy datasets, i.e. CIFAR-10 and
CIFAR-100. Following [27.28], we introduce two types of label noise, i.e., sym-
metric and asymmetric. Symmetric noise is introduced by randomly replacing
the labels of a specified proportion of the training data with any possible class la-
bel. In this paper, we consider symmetric noise levels of 20%, 50%, 80%, and 90%
for both datasets. In contrast, asymmetric noise is introduced through label flip-
ping, where specific classes are misclassified into semantically similar categories
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(e.g., “truck” — “automobile”). In this study, we apply asymmetric noise at a
rate of 40% across both datasets.

Tab. [T]shows the comparison results with different SOTA methods under var-
ious noise types and noise rates, where all baselines use the PreAct ResNet-18
network. Notably, MST-GCSN achieves the best overall performance, obtaining
the highest Overall Avg of 82.6% across both datasets. In particular, it achieves
the best results on CIFAR-100 at high noise ratios and maintains strong per-
formance under asymmetric noise, demonstrating its robustness against severe
label corruption and its effectiveness across different noise types.

4.3 Results on Real-World Noisy Datasets

Our method is validated on a large-scale dataset with real-world noisy labels,
i.e. WebVision [30], consisting of 2.4 million images collected through web crawl-
ing based on the 1,000 categories in ImageNet ILSVRC12 [25]. Following prior
studies [13,[15}28], we utilize only the first 50 classes from the Google Images
subset to construct our training set.

As shown in Tab. [2] we further show the performance of our method on
the real-world noise dataset WebVision-50. Our method achieves the best top-1
accuracy and competitive top-5 performance on WebVision-50 and ILSVRC12
compared with other state-of-the-art (SOTA) methods, revealing its superiority
in handling real-world noisy label scenarios.

Table 2: Comparison with SOTA Table 3: Ablation study of different components
methods on  WebVision and in our method. The baseline model is trained with
ILSVRC12. The best and 2nd best Mixup [60] and Log. CGP, PLP, Lwce, and LcL
results are marked in bold and denote different components of our method.
underline.

Dataset CIFAR-10 |CIFAR-100
Dataset WebVision|ILsVRC12 Noise Type Sym |Asym Sym
Method top-1 top-5 ||top-1 top-5 ~ Noise Rate 50%(90%| 40% 50%
S T r
Forward [37)cvprin) 611 s26 ||57.3 sz3  COPPLP(p) PLPGY) Lwos Lon| - | - | - [.
Co-teaching |13|(newtpsiis)|| 63.5 85.2 || 61.4 84.7 57.9(18.3| 77.6 39.4
Tterative-CV [Blacroy || 652 85.3 || 61.6 84.9 v 84.1/63.1| 85.7 64.0
Doidebtix Plocuren) |08 910 782 908/ 90.5/83.6| 90.1 | 66.8
(CVPR23) E . 5. .
DPC [63](aaa120) 79.2 930 | 758 92.5 v v 89.3/81.9| 88.7 66.2
MTaDCS [15)gcovasy || 791 924 ||762 926 vV v 92.8(87.3| 92.1 70.1
DULC [54](aaar2s) 79.9 93.7 || 76.9 93.9 v o/ v v 94.290.9| 94.0 73.5
Our MST-GCSN ||80.3 935 ||77.2 94.0 v v v vV |96.2]93.2| 95.4 76.7

4.4 Analysis of the Reliability of the MST

The graph structure fundamentally determines how information is propagated
and how noisy labels are corrected in our framework. Therefore, it is crucial
to examine whether the proposed maximum spanning tree (MST) construction
provides reliable and robust connectivity under label noise. In this section, we
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analyze the reliability of the MST and compare it with other graphs, which are
commonly adopted in LNL methods.

Robustness and Parameter-free Property. As illustrated in Fig. :a,)7 a
major limitation of KNN is its sensitivity to the hyperparameter k. The optimal
k value often varies significantly across different datasets and noise ratios. In
contrast, our MST-based approach is parameter-free. It non-parametrically ex-
tracts the N — 1 most significant edges that satisfy the connectivity of the entire
data manifold. Empirical results in Fig. 3(a) demonstrate that MST consistently
achieves a lower unreliable edge ratio (7.10%) compared to various kNN config-
urations (around 10%) when evaluated on all samples. Furthermore, the average
weight of reliable edges (those connecting nodes with the same ground-truth
label) is 0.82, which is significantly higher than that of unreliable edges (0.52),
i.e., inter-class connections that link nodes from different semantic categories.

Preservation of Core Correlation Paths. The structural advantage of
MST over local methods is demonstrated in Fig. [3(b). Traditional approaches
like kNN and GCN are highly susceptible to unreliable local connectivity, where
samples near decision boundaries (e.g., tigers vs. cats) are erroneously linked
via noisy shortcut edges. In contrast, the proposed MST identifies the intrinsic
skeleton of the data by capturing both local and global manifold structures. MST
prioritizes high-similarity paths that link local clusters to global representative
prototypes (stars), effectively bypassing high-density noise regions. Our method
yields significantly sharper and more accurate class probability estimations com-
pared to the ambiguous distributions produced by standard neighborhood ag-
gregation.
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Fig. 3: Comparison of graph reliability and manifold structural modeling. (a) Quan-
titative analysis of the unreliable edge ratio across different KNN configurations and
MST. (b) Conceptual illustration of local vs. global graph construction and its impact
on class probability estimation.
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4.5 Analysis of the Class Anchors

To evaluate the effectiveness of anchor extraction, we visualize the feature dis-
tribution and anchor prediction stability throughout training.

Fig. [4a)-(b) present t-SNE visualizations under 20% and 90% noise. Despite
extreme corruption, our method identifies representative class anchors (stars)
at the high-density centers of semantic clusters. Fig. [4c)-(d) track the Self-
Probability of these anchors. Across different noise levels, anchor confidence con-
verges rapidly and remains stable above 0.98 throughout training. This confirms
that our mechanism successfully identifies clean prototypical samples. By propa-
gating information from these high-confidence anchors, the framework effectively
avoids local optima driven by label noise.

Noise rate: 0.2 Noise rate: 0.9 Class Center SelfProbabilty (Noise: 0.2) Class Center SelfProbabilty (Noise: 0.9)

- me‘%m” T "

Epoch Epoch

(© (d

Fig. 4: Visualization of Class Anchors. (a)-(b) t-SNE plots of features under 20%
and 90% noise rates, where stars represent the extracted global class anchors. (c)-(d)
Evolution of anchor self-probability during training. The anchors maintain high and
stable confidence even under extreme noise, providing reliable global guidance for label
refinement.

4.6 Ablation Studies and Analysis

To evaluate the contribution of each component in our method, we conduct a
comprehensive ablation study on the CIFAR-10 and CIFAR-100 datasets under
various noise settings, as shown in Tab. [3]

Effectiveness of Confidence Gated Propagation. The most significant
improvement comes from combining the MST-based topology with the CGP
mechanism. For example, on CIFAR-10 with 90% symmetric noise, accuracy
increases from 18.3% to 63.1%. This indicates that reliability-aware information
filtering effectively prevents noisy samples from corrupting the representation
space. By regulating feature propagation along the MST, CGP amplifies only
high-confidence semantic signals. Visualizations in the Appendix further confirm
that this propagation results in tighter intra-class clusters and more distinct class
boundaries.

Effectiveness of Progressive Label Prediction. The ablation results
highlight the complementarity between local and global structural cues in PLP.
The local estimate (p!) and the anchor-guided estimate (p?) each provide notable
improvements, while their combination consistently achieves the best perfor-
mance, e.g., 92.8% on CIFAR-10 (50% Sym). This confirms that local smoothness
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preserves cluster consistency, whereas global anchors provide reliable correction
in heavily corrupted regions.

Effectiveness of Loss function. Tab. 3] and Fig. [f] demonstrate the im-
portance of Lyycop for robust training. Specifically, it improves accuracy from
87.3% to 90.9% on CIFAR-10 (90% noise) and from 70.1% to 73.5% on CIFAR-
100 (50% noise). As shown in Fig. |5 weights of correctly classified samples
gradually approach 1.0, while incorrect ones remain below 0.4, reducing the in-
fluence of unreliable labels. Adding the supervised contrastive loss (L¢ ) further
enhances discriminability, yielding the best result of 96.2% on CIFAR-10 (50%
Sym).
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ﬁ 4000 Incorrect classification E 4000 Incorrect classification § 4000 Incorrect classification
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(2] " "
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Fig. 5: Visualization of confidence evolution during training. As epochs progress, the
number and confidence (7; in Eq. [9) of correctly classified samples (green) steadily
increases, while those of incorrectly classified samples (red) decreases.

5 Conclusion and Limitation

In this work, we reveal two key limitations of existing noisy label learning meth-
ods: their reliance on sample-wise personalized information and their neglect of
class-level cues that govern semantic relationships. To address these limitations,
we leverage the advantages of the maximum spanning tree (MST) to construct
a sparse and robust topology over sample features. The proposed framework
effectively explores both sample-wise and class-level relationships through a dy-
namically adapted MST, thereby achieving globally consistent connectivity. Fur-
thermore, the Progressive Label Prediction (PLP) module adaptively integrates
sample-wise personalized cues and class-level guidance to iteratively correct noisy
labels during training.

However, our method has several limitations that warrant further investiga-
tion: (1) Sensitivity to update frequency: The framework uses a fixed period to
update class anchors and prototypes. However, a static frequency may be sub-
optimal: rapid updates can cause early-stage instability, while slow updates may
delay label correction. Implementing an adaptive scheduling mechanism could
further enhance learning efficiency across diverse datasets. (2) Computational
overhead: Constructing the MST for every training batch incurs non-negligible
computational cost, especially on large-scale datasets (e.g., full ImageNet [§]),
which may hinder scalability in real-time or resource-constrained scenarios.
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