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Abstract—Graph Semi-Supervised Learning exploits topologi-
cal structures to leverage unlabeled data. However, in open-set
scenarios, existing methods typically rely on model predictions
to construct adjacency graphs. This dependency makes them
susceptible to confirmation bias, where incorrect pseudo-labels
from unlabeled samples propagate noise through the graph struc-
ture. Furthermore, these approaches often neglect global cluster
compactness, focusing primarily on local pairwise consistency. To
address these limitations, we propose a novel framework named
Graph consistency based on contrastive clustering (G3C). Unlike
traditional approaches, G3C integrates contrastive clustering to
jointly optimize sample similarity and global cluster structures.
Specifically, we perform dynamic neighbor searching within the
augmented feature space to construct reliable weight matrices.
It also constrains the representation of data in label space
and feature space to distinguish known classes from outliers
through graph consistency regularization. Extensive experiments
on CIFAR-10, CIFAR-100, and ImageNet-30 demonstrate that
G3C outperforms state-of-the-art approaches in both closed-
set and open-set settings, validating the efficacy of combining
contrastive clustering with graph consistency.

Index Terms—contrastive clustering, graph consistency, semi-
supervised classification

I. INTRODUCTION

The rapid advancement of artificial neural networks has
propelled Semi-Supervised Learning (SSL) to the forefront of
various computer vision tasks, including image classification
[1], video understanding [2], and face recognition [3]. By
leveraging limited labeled data alongside massive unlabeled
data, SSL not only alleviates the exorbitant costs associated
with manual annotation but also empowers models to uncover
latent data patterns, thereby significantly enhancing general-
ization capabilities.

There are many methods involved in SSL, such as con-
trastive learning [4] and graph semi-supervised learning
(GSSL) [5]. GSSL exploits the topological structure of data
to propagate label information based on instance correlations.
Miller et al. [6] combined active learning with GSSL, which
uses the Laplacian matrix spectrum to truncate the matrix,
reducing computational and storage costs without affecting
model performance. Conversely, Contrastive Learning, a dom-
inant approach in unsupervised representation learning, learns
data representation by bringing similar samples (positive sam-
ple pairs) closer and pushing dissimilar samples (negative
sample pairs) apart without manual labeling [7]. Recently, Zhu
et al. [8] analyzed the trajectory-based optimization and signal-

to-noise ratio in contrastive paradigms, providing a theoretical
foundation for understanding generalization in downstream
tasks.

However, both paradigms face distinct limitations [9]. GSSL
relies heavily on the quality of the affinity graph, making it
susceptible to noise during construction. Specifically, when
the graph representation is singular and lacks robust supervi-
sory guidance, such noise can dominate the learning process,
inevitably leading to degraded classification performance. On
the other hand, standard contrastive learning focuses primarily
on instance-level discrimination, often overlooking the global
semantic structure of the data. To bridge this gap, Contrastive
Clustering has emerged as a promising direction, optimizing
both sample similarity and intra-cluster consistency simul-
taneously [10], [11]. This enables the utilization of global
structural information for more accurate semantic grouping in
unsupervised scenarios.

In this work, we propose a novel framework named Graph
Consistency based on contrastive clustering (G3C). Unlike tra-
ditional approaches that rely on prediction-dependent graphs,
G3C performs dynamic neighbor searching within the aug-
mented feature space to construct reliable weight matrices. To
ensure the reliability of this feature-based graph, we integrate
contrastive clustering to jointly optimize sample similarity and
global cluster structures. This dual optimization strategy drives
the model to learn compact semantic groupings, effectively
mitigating the noise propagation caused by incorrect pseudo-
labels. Additionally, we introduce an unknown-aware graph
consistency regularization that aligns the pseudo-label graph
with the embedding graph, constraining data representations
to distinguish known classes from correlated outliers.

Our contributions are summarized as follows:
• We propose G3C, a unified semi-supervised learning

framework that combines contrastive clustering with
graph consistency to enhance model robustness, partic-
ularly in open-set scenarios.

• We introduce a dual optimization strategy that jointly
optimizes sample similarity and global cluster structures.
This ensures feature-space compactness, effectively mit-
igating the noise propagation caused by prediction bias.

• Extensive experiments demonstrate that G3C outperforms
state-of-the-art methods, achieving superior pseudo-label
quality, classification accuracy, and AUROC scores on
standard benchmarks.



II. RELATED WORK

A. Semi-Supervised Learning
Semi-supervised learning (SSL) mitigates the dependency

on massive annotated datasets by combining labeled and
unlabeled data. Representative methods like FixMatch [12]
effectively integrate pseudo-labeling and consistency regular-
ization, significantly enhancing generalization in closed-set en-
vironments. Furthermore, CoMatch [13] introduces contrastive
graph regularization to strengthen feature robustness. However,
these methods primarily focus on instance-level consistency,
often overlooking the global manifold structure of the data.
To better capture spatial correlations, Graph Semi-Supervised
Learning (GSSL) [5], [14], [15] models topological depen-
dencies via graph structures. Some works utilize techniques
like Laplacian spectrum truncation to reduce computational
overhead [6]. While capturing structural information, GSSL
relies heavily on the quality of the initial graph and is
susceptible to noise, especially in the presence of outliers.

Addressing open-set challenges, Kong et al. [9] proposed
Unknown-Aware Graph Regularization (UAG), which iso-
lates outliers by maximizing their entropy and constructing
pseudo-label graphs. Building upon this, our G3C framework
integrates contrastive clustering into the graph consistency
paradigm. By performing dynamic neighborhood searching to
construct the weight matrix, G3C simultaneously optimizes
sample similarity and clustering structure, ensuring robustness
against open-set noise.

B. Open-set semi-supervised learning
Open-Set Semi-Supervised Learning (OSSL) handles un-

curated unlabeled data containing out-of-class samples. Early
approaches primarily aimed to preserve closed-set accuracy
by employing adaptive weighting [16] or filtering techniques
[17] to exclude potential outliers. However, these methods
generally lack explicit optimization objectives for separat-
ing in-distribution data from unknown samples. To enhance
discriminative capacity, subsequent research pivoted toward
distance-based [18], [19] and uncertainty-based detection [20],
[21]. These frameworks utilize feature space distances or pre-
dictive confidence to identify outliers. Despite advancements,
such methods often struggle with correlated outliers (unknown
samples sharing high semantic similarity with known classes),
where simple distance or single-head uncertainty measures
lack precision. Recently, UAG [9] addressed this by adopting a
multi-head architecture to model inliers and outliers indepen-
dently, mitigating conflicts between entropy minimization and
maximization. However, it still relies heavily on prediction-
based graphs, rendering it vulnerable to confirmation bias. In
contrast, our G3C integrates contrastive clustering to optimize
intrinsic feature structure, enforcing cluster compactness via
dynamic neighbor searching to mitigate such noise.

III. METHOD

A. Problem Definition
Given a batch of labeled data X = {(xb, yb)}Bb=1, where

yb is the label corresponding to the data xb, and a batch of

unlabeled data U = {ub}µBb=1, the parameter µ determines
the ratio of labeled data to unlabeled data. Our goal is to
classify inliers into known categories and distinguish outliers.
The proposed model consists of a shared encoder f(·) with
three heads: a closed-set classifier h(·), an open-set classifier
h̃(·), and a projection head g(·).

B. Overview

Fig. 1 illustrates the proposed G3C framework. We adopt a
dual-branch strategy to process labeled data X and unlabeled
data U . For labeled data, the model is trained using the su-
pervised loss Ls. Specifically, the encoder f(·) shares weights
across all heads. Let p and p̃ denote the softmax probabilities
from the closed-set classifier h and open-set classifier h̃,
respectively. The supervised objective is formulated as:

Ls =
1

B

B∑
b=1

(H (yb, p (Aw (xb))) +H (yb, p̃ (Aw (xb)))) ,

(1)
where H(·, ·) denotes the cross-entropy between two distribu-
tions. For unlabeled data, we perform three distinct regular-
ization: contrastive clustering, uncertainty-based consistency,
and unknown-aware graph regularization, detailed below.

C. Graph Contrastive Clustering

Unlike previous uncertainty-based methods that treat out-
liers as a single unknown class, we propose a graph contrastive
clustering module to capture the intrinsic manifold structure
of the data. This allows the model to form compact semantic
clusters in the feature space, distinguishing effectively between
inliers and correlated outliers.

We construct two views of the unlabeled data: the origi-
nal features z = f(u) and the weakly augmented features
z′ = f(Aw(u)). To mitigate the confirmation bias arising
from prediction-dependent graphs and capture the evolving
manifold structure, we perform dynamic neighbor searching.
For each anchor feature zi, we identify its set of k-nearest
neighbors NNk(zi) within the augmented view z′. This struc-
tural relationship is encoded in a weight matrix W , defined
as:

Wij =


1, zj = z′i (self-loop)
1/k, zj ∈ NNk(zi)

0, otherwise
. (2)

To enforce cluster compactness, we minimize the contrastive
clustering loss Lc. This objective maximizes the similarity
between neighbors while pushing apart non-neighbors (where
Wij = 0):

Lc = −
1

N

∑
i

log

∑
j:Wij>0 Wij exp (z

′
i · z′j/Tz)∑

k:Wik=0 exp (z
′
i · z′k/Tz)

, (3)

where Tz is a scalar hyperparameter. By optimizing Lc,
G3C ensures that samples with similar semantic content are
grouped together, facilitating the separation of outliers in the
embedding space.
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Fig. 1: Overview of the proposed G3C framework. The unlabeled data contains in-distribution samples (blue) and out-of-
distribution outliers (red). The framework consists of two objectives: The Graph Contrastive Clustering module constructs
a dynamic KNN graph by performing neighbor searching between augmented features z and z′, optimizing the contrastive
clustering loss Lc to ensure cluster compactness. The Unknown-Aware Graph mechanism leverages classifier predictions (p, p̃)
to build a reliable target graph, guiding the embedding space learning via graph consistency regularization Lg .

D. Uncertainty-based Consistency

To separate known classes from outliers, we exploit the
uncertainty in the logits. We utilize the Maximum Softmax
Probability (MSP) score, defined as:

s(x;T ) = max
i

exp
(
[h̃ ◦ f(x)]i/T

)
∑K

j=1 exp
(
[h̃ ◦ f(x)]j/T

) , (4)

where T > 1 amplifies the distribution gap. [h̃ ◦ f(x)]i
represents the logits of category i. Adaptive thresholds τ̂ int and
τ̂outt are maintained via Exponential Moving Average (EMA)
on a two-component Gaussian Mixture Model (GMM) fit to
the scores at each epoch. Their initial values τ̂ in0 and τ̂out0 are
set to 1. The update rules are as follows:

τ̂ int ← mτ̂ int−1 + (1−m) τ int , (5)

τ̂outt ← mτ̂outt−1 + (1−m) τoutt . (6)

Based on these thresholds, we apply exclusive consistency reg-
ularization. For samples identified as inliers: sb ≥ τ̂ int , where
sb = s(ub;T ) represents the MSP score of the unlabeled
data ub, we minimize the standard consistency loss Lin using
pseudo-labels ŷb [12]:

Lin =
1

µB

µB∑
b=1

I
(
sb ≥ τ̂ int

)
·H (ŷb, p (As1 (ub))) . (7)

Conversely, for detected outliers: sb < τ̂outt , we maximize
the entropy of the open-set classifier output to prevent it from

overconfidently assigning outliers to any specific class. This
outlier loss Lout is defined as:

Lout = −
1

µB

µB∑
b=1

I
(
sb < τ̂outt

)
·H (p̃ (Aw (ub))) , (8)

where H(·) represents the average entropy. Finally, we inte-
grate the inlier consistency and outlier entropy maximization
into a unified unsupervised loss Lu = Lin + Lout.

E. Unknown-Aware Graph Regularization

To further constrain the embedding space, we adopt the
Unknown-Aware Graph strategy [9]. We construct a target
graph Wuag that integrates knowledge from both classifiers.
The pseudo-label graph W pg ∈ RµB×µB connects samples
with high closed-set prediction similarity:

W pg
bj =


1, b = j

pb · pj , b ̸= j and pb · pj ≥ τg

0, otherwise
, (9)

where τg is a predefined threshold, pb and pj represent
the softmax probabilities of ub and uj predicted by h ◦ f ,
respectively. The outlier graph W og ∈ RµB×µB connects
samples that are both identified as outliers:

W og
bj =

{
1, ηb = ηj

0, otherwise
, (10)

where ηb = I(sb < τ̂outt ), returning 1 for values predicted
to be outliers and 0 for other values. The final target graph is
their intersection: Wuag = W pg×W og . That is, only samples
with the same prediction in the unknown context and similar



TABLE I: Error rates (%) on CIFAR-10 and CIFAR-100 on 3
different folds. The best results are highlighted in bold.

Dataset CIFAR-10 CIFAR-100

Uncorr. Corr. Uncorr. Corr.

Label 50 100 50 100 50 100 50 100

FixMatch 16.8 10.7 17.5 12.9 33.6 29.4 30.8 28.8
CoMatch 12.7 9.5 14.8 10.3 28.5 26.4 28.8 25.8
MTC 20.4 13.5 21.8 14.3 36.7 30.9 36.9 29.6
OpenMatch 10.2 7.1 11.7 9.2 30.5 26.7 30.1 25.3
OSP 12.1 9.2 11.1 9.5 29.5 26.5 30.7 26.9
UAG 9.6 5.8 8.1 6.8 26.6 23.6 26.4 23.8

Ours 9.28 6.86 8.01 7.38 26.37 22.90 26.97 23.75

TABLE II: AUROC (%) on CIFAR-10 and CIFAR-100 on 3
different folds. The best results are highlighted in bold.

Dataset CIFAR-10 CIFAR-100

Uncorr. Corr. Uncorr. Corr.

Label 50 100 50 100 50 100 50 100

FixMatch 54.2 58.5 55.9 59.4 64.1 66.7 60.4 62.6
CoMatch 47.6 47.7 48.1 48.9 60.1 61.7 55.6 57.9
MTC 96.5 98.2 73.5 78.2 81.7 82.6 69.3 70.4
OpenMatch 97.9 99.6 75.6 55.3 86.1 86.2 69.9 69.4
OSP 62.9 66 45.7 46.4 58.5 60.3 56.1 59.5
UAG 95.5 97.8 90.2 96.4 87.9 91.8 78.7 81.4

Ours 97.41 97.90 96.89 97.77 90.35 92.23 75.69 81.84

predictions in the known context will be assigned to the same
cluster in the graph.

We align the projected embedding space with this target
structure. Let W z be the similarity matrix of projected features
from two strong augmentations (zs1, zs2):

W z
bj =

{
exp

(
zs1b · zs2b /Tz

)
, b = j

exp
(
zs1b · zs1j /Tz

)
, otherwise

, (11)

subsequently, the graph is normalized by Ŵbj =
Wbj/

∑
j Wbj . So that each row of the similarity matrix

sums to 1. The graph consistency loss Lg minimizes the
cross-entropy between the normalized target and embedding
graphs:

Lg =
1

µB

µB∑
b=1

H
(
Ŵuag

bj , Ŵ z
bj

)
, (12)

F. Total Objective

The final objective function of G3C is a weighted sum of
the aforementioned losses:

Ltotal = Ls + λuLu + λgLg + λcLc, (13)

where λ terms are hyperparameters balancing the contributions
of each module.

IV. EXPERIMENT

A. Experimental Setup

Datasets and Metrics. We evaluate G3C on three bench-
marks: CIFAR-10, CIFAR-100, and ImageNet-30. For the
CIFAR datasets, we adopt a standard split where 60% of

TABLE III: Error rates (%) and AUROC (%) on ImageNet-30
on 3 different folds. The best results are highlighted in bold.

Dataset ImageNet-30

Metric Error Rate AUROC

FixMatch 12.5 87.9
CoMatch 8.8 65.8
MTC 13.6 93.8
OpenMatch 10.4 96.4
UAG 6.1 97.4

Ours 4.55 98.04

classes are treated as known and the remaining 40% as
unknown. To rigorously evaluate robustness, we consider two
distinct open-set configurations: uncorrelated (outliers share
no superclass with inliers) and correlated (outliers and inliers
share superclasses, presenting a harder semantic separation
task). For ImageNet-30 [22], we employ a subset of ImageNet
due to computational constraints. In this setting, the first 20
classes are treated as known (with only 10% labeled) and the
remaining 10 as unknown. All images in ImageNet-30 are
resized to 224× 224 to assess scalability on higher-resolution
data. We report the error rate for closed-set accuracy and
AUROC for open-set detection performance.

Baselines and Implementation Details. We benchmark our
framework against state-of-the-art semi-supervised learning
methods, including FixMatch [12], CoMatch [13], OpenMatch
[19], MTC [23], OSP [24], and UAG [9]. Following es-
tablished protocols, we employ a Wide ResNet (WRN-28)
backbone for the CIFAR datasets and a ResNet-18 backbone
for ImageNet-30. All models are optimized using SGD with a
momentum of 0.9. The learning rate is initialized at 0.03 and
follows a cosine decay schedule. We set the weight decay to
5× 10−4 for both backbones.

The training process spans 200×1024 iterations for CIFAR-
10/100 and 100× 1024 iterations for ImageNet-30. We use a
batch size of B = 64 and set the labeled-to-unlabeled ratio µ
to 4. For the remaining hyperparameters, we adopt the settings
from prior work [9] to ensure stability and avoid redundant
tuning. Specifically, the temperature T for the uncertainty
score is set to 1.5, and the momentum m for the threshold
update is 0.9. Regarding the graph construction, we set the
graph threshold τg to 0.8. The embedding temperature Tz is
fixed at 0.2.

B. Main Results

Table I and Table III report the closed-set error rates. G3C
demonstrates superior robustness, particularly in challenging
low-label regimes. On CIFAR-10 with only 50 labels, G3C
outperforms the strong baseline UAG in both uncorrelated and
correlated settings, consistent with the improved pseudo-label
accuracy shown in Fig. 2. While UAG remains competitive
given abundant labels (100 labels), G3C consistently regains
the advantage as dataset complexity increases. This scalability
is further validated on ImageNet-30 , where G3C achieves
a significant reduction in error rate, marking a 1.55% im-
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Fig. 2: Comparison of pseudo-label accuracy during training
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setting. Our method (red) demonstrates higher accuracy and
stability compared to the baseline (blue).
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Fig. 3: t-SNE visualization of learned features. (a) Features
generated by the model without the contrastive clustering
module. (b) Features generated by the proposed G3C model.

provement. These results confirm that integrating contrastive
clustering enables more effective feature learning when labeled
data is scarce or the visual manifold is complex.

Table II and Table III detail the AUROC scores, evaluating
the model’s ability to distinguish knowns from unknowns.
G3C achieves state-of-the-art performance in nearly all con-
figurations. Crucially, in the correlated setting—where outliers
are semantically close to inliers—G3C exhibits remarkable
stability. For instance, on CIFAR-10 (Corr. 50 labels), G3C
achieves 96.89%, surpassing UAG’s 90.2%. Similarly, on
ImageNet-30, G3C sets a new benchmark with 98.04% AU-
ROC. This validates that our method effectively pushes outliers
away from the decision boundaries of known classes, even
when semantic ambiguity is high.

V. ABLATION STUDY

A. Effectiveness of Contrastive Clustering Module

To investigate the contribution of the Contrastive Clustering
(CC) module to semi-supervised classification performance,
we utilize t-SNE (t-distributed Stochastic Neighbor Embed-
ding) for a qualitative analysis of the learned feature space.
This ablation study is conducted on the CIFAR-10 dataset
under the uncorrelated setting, using a WRN backbone with 50
labeled samples. The visualization results are presented in Fig.
3. As illustrated in Fig. 3(a), the model lacking the CC module
(w/o CC) exhibits relatively ambiguous decision boundaries.
Notably, the model struggles to differentiate between the Bird

TABLE IV: Quantitative ablation results (Error Rate (%) and
AUROC (%)) on CIFAR-10 under the uncorrelated setting.

Dataset CIFAR-10 CIFAR-100

Metric Error Rate AUROC Error Rate AUROC

w/o CC 11.23 96.81 27.01 88.21
G3C 9.28 97.41 26.37 90.35

TABLE V: Sensitivity analysis of the hyperparameter λc on
CIFAR-100 under the uncorrelated setting.

Dataset CIFAR-100

λc 0.1 0.5 1 2 5

Error Rate 27.15 26.45 25.97 26.19 26.38
AUROC 89.97 91.22 91.19 90.89 90.82

and Airplane categories, where samples near the boundary
are poorly separated, making the decision boundary nearly
indistinguishable. In contrast, as shown in Fig. 3(b), the full
G3C framework produces significantly clearer classification
boundaries. These observations are more consistent with the
low-density separation and clustering hypotheses. This qual-
itative improvement demonstrates that the joint optimization
of sample similarity and global cluster structures effectively
bolsters the clustering performance of the G3C model, leading
to the formation of more cohesive and discriminative cluster
structures.

Furthermore, we perform a quantitative evaluation of the
CC module on both CIFAR-10 and CIFAR-100 datasets,
with the results summarized in Table IV. The empirical data
reveals that the integration of the CC module leads to a
significant reduction in the classification error rate, decreasing
from 11.23% to 9.28% on CIFAR-10, and from 27.01% to
26.37% on CIFAR-100. This improvement demonstrates that
the CC module effectively bolsters semi-supervised classifi-
cation performance across datasets with varying complexities.
Additionally, the full G3C framework achieves higher AUROC
scores, improving from 96.81% to 97.41% on CIFAR-10 and
notably increasing from 88.21% to 90.35% on CIFAR-100.
This indicates that in open-set scenarios, the CC module
facilitates more precise identification of anomalous points
beyond the known categories, thereby enhancing the model’s
capability in binary discriminative tasks between known and
unknown data.

B. Parameter Sensitivity Analysis

We further investigate the sensitivity of the hyperparameter
λc, which governs the weight of the contrastive clustering loss
in our total objective. We evaluate the model’s performance on
the CIFAR-100 dataset under the uncorrelated setting with 50
labeled samples by varying λc from 0.1 to 5. The results are
reported in Table V.

As observed, increasing λc from 0.1 initially yields signifi-
cant performance gains. It is worth noting that while λc = 0.5



yields the marginally highest AUROC, the corresponding error
rate is notably higher compared to the setting where λc = 1.
Given that the degradation in AUROC is negligible while the
improvement in classification accuracy is substantial at λc = 1,
we identify λc = 1 as the optimal equilibrium point that
maximizes classification performance without compromising
outlier detection capability. While the model remains relatively
robust within the range of [0.5, 2], setting λc too low fails to
fully leverage the structural information, whereas setting it
too high may dominate the optimization process, leading to a
slight performance degradation. Consequently, we set λc = 1
as the default value for all main experiments to ensure optimal
stability and discriminative power.

VI. CONCLUSION

In this paper, we addressed the limitations of existing Open-
Set Semi-Supervised Learning methods, particularly their
vulnerability to confirmation bias arising from prediction-
dependent graph construction. We proposed a novel frame-
work named G3C, which integrates contrastive clustering with
graph consistency regularization. Instead of relying solely on
potentially unreliable model predictions to build adjacency
graphs, G3C introduces a dual optimization of sample sim-
ilarity and global cluster structures. This strategy drives the
model to learn compact semantic groupings, which in turn
enables reliable dynamic neighbor searching in the augmented
feature space. By iteratively refining the graph structure
based on these evolved features, G3C effectively mitigates
the noise propagation caused by incorrect pseudo-labels. Fur-
thermore, to tackle the open-set challenge, we introduced an
unknown-aware graph mechanism that constrains the embed-
ding space via graph consistency regularization, ensuring a
robust separation between in-distribution samples and out-
of-distribution outliers. Extensive empirical evaluations on
CIFAR-10, CIFAR-100, and ImageNet-30 demonstrate that
G3C generates more accurate pseudo-labels and achieves
superior classification accuracy and outlier detection perfor-
mance compared to SOTA methods. This success validates that
explicitly enforcing feature-space compactness via contrastive
clustering is essential for learning robust representations from
uncurated data.
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