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Abstract

Contrastive clustering performs clustering and data represen-
tation in a unified model, where instance- and cluster-level
constrastive learning are conducted simultaneously. How-
ever, commonly-used data augmentation methods make con-
trastive mechanism effect but may cause representation learn-
ing getting stuck in domain-specific information, which fur-
ther deteriorates clustering performance and limits gener-
alization ability. To this end, we propose a new frame-
work, named Generalized Contrastive Clustering with do-
main shifts modeling (GeCC), which can integrate diverse
domain knowledge to improve the clustering performance.
Specifically, we first design a cluster-guided domain shifts
modeling module to synthesize a reference view with diverse
domain information. Then, we introduce instance represen-
tation and cluster assignment contrastive modules with well-
designed attention weights to guide the representation learn-
ing and clustering. In this way, our method can maximize
the extraction of cluster-related information and avoid over-
fitting domain-specific features. Experimental results on four
benchmark datasets demonstrate that our proposed method
consistently outperforms other state-of-the-art methods.

Code — https://github.com/mia-7/GeCC

Introduction
Over the past decade, deep learning has achieved excellent
performance based on large amounts of annotated training
samples. However, acquiring supervisory information can
be time-consuming and laborious in certain practical scenar-
ios. Clustering, as one of the most fundamental unsupervised
learning methods, has garnered significant attention. It in-
volves grouping data into distinct clusters without the need
for any labels. Leveraging the capacity of neural networks
to model intricate data, deep clustering (Ren et al. 2022; Wu
et al. 2023) learns informative representations, facilitating
subsequent downstream tasks such as multi-view clustering
(Xue et al. 2021; Liu et al. 2022) and cell clustering (Mrabah
et al. 2023; He et al. 2023).

Extensive research has concentrated on integrating rep-
resentation learning and clustering within an end-to-end
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Figure 1: The class activation map (CAM) visualization of
clustering prediction. Results from vanilla contrastive clus-
tering methods (i.e., CC and DivClust) get stuck in domain-
specific feature such as the background, impeding effective
clustering. Nevertheless, the visualization for the proposed
method focuses more on the objects, demonstrating its abil-
ity in extracting cluster-related features.

framework. For example, several methods (Yang et al., 2016;
Chang et al., 2017; Caron et al., 2018; Asano et al., 2019)
utilize additional clustering algorithms to derive pseudo-
labels, which are then employed as supervision to guide
network training. However, these two-step approaches may
accumulate errors during the alternating process between
clustering and representation learning, potentially leading to
suboptimal performance. Consequently, some methods (Ji et
al., 2019; Huang et al., 2020; Peng et al., 2023; Niu et al.,
2022) have been devised to simultaneously learn representa-
tions and cluster assignments.

Recently, contrastive learning (Chen et al. 2020; Grill
et al. 2020) has demonstrated promising performance in
unsupervised scenarios. Data augmentation is usually uti-
lized to create multiple views. Treating different views of
a sample as positive pairs and maximizing their similari-
ties, and considering different samples as negative pairs and
minimizing their similarities, contrastive learning can distill
representations with discriminative content. Building upon
this contrastive mechanism, various clustering methods have
been proposed (Li et al. 2021b; Liu et al. 2023b; Huang et al.
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2024; Metaxas, Tzimiropoulos, and Patras 2023; Chen et al.
2024). Specifically, contrastive clustering (Li et al. 2021b)
trains the network with the normalized temperature-scaled
cross entropy loss (Chen et al. 2020) on both the representa-
tions and cluster assignments, achieving superior clustering
results.

In general, due to the limited variation of augmented op-
erations, the domain information underlying positive pairs
may be partially identical, which will be included in the data
embedding learned via contrastive learning (Lin et al. 2021;
Liu et al. 2023a). Therefore, these vanilla contrastive cluster-
ing methods usually get stuck in the domain-specific infor-
mation. As shown in Figure 1, features extracted by vanilla
contrastive clustering methods (Li et al. 2021b; Metaxas, Tz-
imiropoulos, and Patras 2023) include a large proportion of
domain knowledge, which overtakes the cluster-related in-
formation and misleads the grouping results.

To alleviate this issue, we propose a Generalized Con-
trastive Clustering (GeCC) framework, equipped with the
cluster-guided domain shifts modeling module, instance
representation and cluster assignment contrastive modules.
More specifically, our motivation is to restraint the net-
work from over-fitting the domain features that inherent
in the predefined augmentation, and maximize the extrac-
tion of cluster-related information. The cluster-guided do-
main shifts modeling module generates a reference view
from the feature statistics, which is computed with clus-
ter assignments to incorporate cluster-related information.
To utilize samples from different domains more effectively,
both of the instance representation contrastive learning and
cluster assignment contrastive learning are enhanced with
the well-designed attention weights. We measure the rela-
tive domain (or distribution) difference between reference
and augmented views and add the domain (or distribution)
attention weights to the instance-level (or cluster-level) con-
trastive loss. During the training, the instance projector con-
tinuously learns from features with diverse domains, while
the clustering projector is optimized to align the label dis-
tributions and mine the cluster-related information. Through
the cooperation and interaction among these modules, GeCC
is able to consistently improve the clustering performance
and generalization ability, excluding the undesirable impact
induced by data augmentation.

To summarize, the contributions of our work are as fol-
lows:

1. A generalized contrastive clustering method is proposed,
which incorporates a cluster-guided domain shifts mod-
eling module, instance representation and cluster assign-
ment contrastive modules to enhance the extraction of
cluster-related information under data augmentation.

2. A cluster-guided domain shifts modeling module, which
models the uncertainty in feature statistics with the guid-
ance of clustering information, is introduced to gener-
ate reference view with variant domains. Additionally,
well-designed attention weights are computed to guide
the training process effectively.

3. Contrastive learning is performed on data pairs with at-
tention weights. During the training process, the instance

projector learns from diverse domains while the clus-
ter projector excavates the cluster-related information. In
this way, GeCC is disentangled from the augmentation-
specific feature.

4. Extensive experiments on four benchmark datasets are
performed to demonstrate the superiority of our proposed
method. Elaborate ablation experiments demonstrate the
effectiveness of each module in our method.

Related Work
Deep Clustering
With the powerful ability of neural networks in extracting
feature representation, various deep clustering models have
been proposed. Existing models can be roughly categorized
into two groups, i.e., alternate learning and joint learning. In
alternate learning, representation learning and clustering are
performed interchangeably. For example, several methods
(Xie, Girshick, and Farhadi 2016; Chang et al. 2017; Caron
et al. 2018; Asano, Rupprecht, and Vedaldi 2019) construct
pseudo-labels by grouping representation and update the
model according to pseudo-labels. However, these methods
perform clustering and representation learning separately,
potentially constraining their performance. In contrast, joint
learning simultaneously conducts clustering and represen-
tation learning. For example, some methods (Ji, Henriques,
and Vedaldi 2019; Yang et al. 2020; Zhao et al. 2020; Huang,
Gong, and Zhu 2020) impose different constraints on the
cluster assignments and train the clustering models in an
end-to-end way. By jointly learning cluster assignments and
representations, these approaches can achieve superior clus-
tering performance.

Contrastive Clustering
Contrastive learning (Chen et al. 2020; Grill et al. 2020) has
achieved good performance in unsupervised representation
learning. The basic idea of contrastive learning is to put at-
tractive (or repulsive) forces on positive pairs (or negative
pairs), with the goal of distilling the common content. How-
ever, most existing contrastive learning methods (Wang and
Qi 2022; Yeh et al. 2022) focus on learning the represen-
tation as a pretext task before the downstream tasks. The
separation between representation learning and clustering
may lead to locally optimal solution. Contrastive clustering
(Li et al. 2021b; Metaxas, Tzimiropoulos, and Patras 2023;
Chen, Wu, and Ou-Yang 2023) learns discriminative repre-
sentations and performs clustering simultaneously by con-
ducting cluster-level contrastive learning on another inde-
pendent subspace, which achieves better performance than
other deep clustering methods. However, because augmen-
tation is predefined, existing contrastive clustering methods
inevitably extract domain-specific features, which may bring
obstacles to the clustering process.

Domain Shifts with Uncertainty
Previous works (Huang and Belongie 2017; Li et al. 2021a)
demonstrate that the domain characteristics of data can be
captured by feature statistics, i.e., mean and standard devia-
tion of the learned features. Domain Shifts with Uncertainty
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(DSU) (Li et al. 2022) treats feature statistics as stochastic
variables and reconstructs samples with synthesized feature
statistics, imitating the shifts of diverse domains.

To be specific, for encoded features P ∈ RB×U×H×W in
a mini-batch of size B, where H and W denote the height
and width of the feature maps and U is the channel number,
the channel-wise mean of features µ ∈ RB×U and standard
deviation σ ∈ RB×U can be computed across spatial dimen-
sions independently for each channel:

µ =
1

HW

H∑
h=1

W∑
w=1

pb,u,h,w,

σ2 =
1

HW

H∑
h=1

W∑
w=1

(pb,u,h,w − µ)2. (1)

Then, DSU proposes a non-parametric method to compute
the variance of the feature mean Σµ ∈ RU and that of feature
standard deviation Σσ ∈ RU , respectively,

Σ2
µ =

1

B

B∑
b=1

(µb,: −
1

B

B∑
i=1

µi,:)⊙ (µb,: −
1

B

B∑
j=1

µj,:)

Σ2
σ =

1

B

B∑
b=1

(σb,: −
1

B

B∑
i=1

σi,:)⊙ (σb,: −
1

B

B∑
j=1

σj,:),

(2)
where ⊙ is the Hadamard product. The distribution of
the new feature statistics can be acquired by the re-
parameterization trick, whose mean β and standard devia-
tion γ are formulated as follows:

βi,: = µi,: + ϵµΣµ, ϵµ ∼ N (0,1) ,

γi,: = σi,: + ϵσΣσ, ϵσ ∼ N (0,1) , (3)
where ϵµ and ϵσ both follow the standard Gaussian distribu-
tion. Therefore, the generated feature is

DSU (P:,:,i,j) = γ ⊙
(
P:,:,i,j − µ

σ

)
+ β. (4)

In this way, DSU allows the trained model to access images
from more diverse domains, improving generalization per-
formance.

Generalized Contrastive Clustering
As shown in Figure 2, the proposed Generalized Contrastive
Clustering (GeCC) is designed with a Cluster-guided Do-
main Shifts Modeling module (CDSM), instance represen-
tation and cluster assignment contrastive modules. The net-
work architecture of GeCC consists of a weight-sharing
encoder fE(·) and two projectors, i.e., the instance-level
projector fI(·) and cluster-level projector fC(·). Given a
mini-batch dataset X = {x1,x2, ...,xB} with B unlabeled
images from K different categories, two augmented ver-
sions X1 and X2 can be obtained by stochastic augmenta-
tion. The encoder extracts embedding P 1 = fE(X

1) and
P 2 = fE(X

2), where one of two branches is integrated
with CDSM to generate a reference embedding P d. Then,
fI(·) and fC(·) map these embedding to latent representa-
tion Zm ∈ RB×M and cluster assignment Cm ∈ RK×B ,
respectively, where m ∈ {1, 2, d}.

Algorithm 1: Details of CDSM

Input: Encoded embedding P 1 ∈ RB×U×H×W , cluster
representation C1 ∈ RK×B ;

Output: Reference embedding P d ∈ RB×U×H×W ;
1: Obtain pseudo label ŷ = argmaxk[C

1]k, group embed-
ding into {P̂ 1

1 , ...P̂
K
1 }

2: while 1 ≤ i ≤ K do
3: Compute µk, θk by substituting P̂ k

i into Eq. (1);
4: Compute Σµk ∈ RU , Σσk ∈ RU by Eq. (5);
5: Compute synthetic feature statistics βk and γk for k-

th cluster according to Eq. (3);
6: Obtain distribution CDSM (P̂ k

i ) by substituting βk

and γk into Eq. (4);
7: Generate embedding P i

d by sampling from distribu-
tion CDSM (P̂ k

i );
8: i = i+ 1 ;
9: end while

10: P d = {P 1
d , ...P

K
d };

Cluster-guided Domain Shifts Modeling
As mentioned above, the vanilla contrastive clustering may
get stuck in the domain-specific information induced by
data augmentation. To mitigate such impact, we intend to
use DSU to improve the generalization of clustering net-
work with accessing more diverse domains. However, DSU
synthesizes new instances based on feature statistics, which
neglects the cluster-related information during the model-
ing and cannot be adapted to contrastive clustering directly.
Therefore, CDSM is formulated to make DSU more suitable
for clustering task.

Specifically, for newly generated samples, the clustering
information is inserted to reduce the semantic difference
of samples in the same cluster. Instead of treating all sam-
ples with the same standard deviation, we compute the fea-
ture statistics for each cluster. According to pseudo label
ŷ, the instances are grouped into K subsets {P̂ 1, ...P̂K},
where the pseudo label for b-th sample is derived from
ŷb = argmax

k
[c1b ]k, i.e., the index of the largest element

in cluster indicator vector c1b . Then, the mean µk and stan-
dard deviation θk for each cluster are obtained by substitut-
ing feature matrix P̂ k into Eq. (1). Then, the variance of the
feature mean Σµk ∈ RU and that of feature standard devia-
tion Σσk ∈ RU can be computed by

Σ2
µk =

1

bk

bk∑
b=1

(µk
b,: −

1

bk

bk∑
i=1

µk
i,:)⊙ (µk

b,: −
1

bk

bk∑
j=1

µk
j,:)

Σ2
σk =

1

bk

bk∑
b=1

(σk
b,: −

1

bk

bk∑
i=1

σk
i,:)⊙ (σk

b,: −
1

bk

bk∑
j=1

σk
j,:),

(5)

in which bk equals to the number of samples in P̂ k. Then,
we can obtain the cluster-guided statistics by Eq. (3). The
generated feature for samples in k-th cluster can be acquired
by substituting cluster-guided statistics into the Eq. (4).
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(b) Loss function

Figure 2: The flowchart of Generalized Contrastive Clustering with domain shifts modeling (GeCC). (a) Framework: GeCC is
equipped with a weight-sharing encoder fE(·) to extract data embedding from augmented views. Then, instance-level projector
fI(·) and cluster-level projector fC(·) consisting of two fully connected layers are used to obtain instance representations and
cluster assignments respectively. Furthermore, a cluster-guided domain shifts modeling (CSDM) module is built upon one of
the augmented view, synthesizing a reference embedding with more variant domains. (b) Loss function: Based on the newly-
generated reference and augmented views, GeCC computes the well-designed attention and distribution weights. Instance
representation and cluster assignment contrastive modules incorporate the attention and distribution weights respectively, for-
mulating the objective function.

Consequently, in addition to P 1 and P 2, we integrate
the branch that learns P 1 with CDSM to obtain the refer-
ence embedding P d = CDSM (P 1, C1). In this way, P d

is equipped with different domain knowledge while retains
cluster-related information. The specific flowchart is pro-
vided in Algorithm 1. Because the quality of clustering mat-
ters for the subsequent contrastive learning module, even the
overall model. Given the lower accuracy of the pseudo label
during the initial stage, CDSM is performed at a probability
t = (epoch//100+1)×0.1 after each convolution block of
the encoder ResNet, in which epoch is the current training
iteration and // denotes the modulo operation. Based on the
probability setting, probability will be enlarged in the latter
training stage. Then more accurate clustering information
would contribute to the formation of a semantic reference
view, ultimately facilitating the clustering process.

Instance Representation Contrastive Module
Generally, because the variation of predefined augmenta-
tion is limited, the augmented views share partially iden-
tical information covering their domain knowledge. When
the contrastive learning is performed to extract consis-
tent content, the learned representation inevitably involves
the augmentation-specific features, which will deteriorate
the clustering performance. To increase the proportion of
cluster-related information and reduce the undesirable ef-
fects of data augmentation, the network gets access to three
views of embedding P 1, P 2 and P d and pays more attention

to learn from more diverse domains.
Therefore, we define the domain attention weight Wz ∈

RB×B for instance representation to measure the relative
domain difference between newly-generated reference and
augmented view, with element

wz
ij = 1 +

D̂
(
z1
i , z

d
j

)
D̂

(
z1
i , z

2
j

)
+ D̂

(
z1
i , z

d
j

) , (6)

in which D̂(·, ·) denotes the normalized Euclidean distance.
The normalization operation can be expressed as

D̂
(
z1
i , z

2
j

)
=

D
(
z1
i , z

2
j

)
maxB

k=1D (z1
i , z

2
k)

. (7)

When the domain difference for i-th sample with j-th refer-
ence sample is larger than that with j-th augmented sample,
i.e., D̂(z1

i , z
d
j ) > D̂(z1

i , z
2
j ), w

z
ij will be large.

Then, the instance contrastive loss for a given sample xi

can be computed in the form of

lzi,12 =
∑

m={1,2}

log
wz

iie
s(z1

i ,z
2
i )/τi

B∑
j=1

wz
ij

[
es(z

m
i ,zm

j )/τi + es(z
1
i ,z

2
j )/τi

] ,

lzi,1d =
∑

m={1,d}

log
wz

iie
s(z1

i ,z
d
i )/τi

B∑
j=1

wz
ij

[
es(z

m
i ,zm

j )/τi + es(z
1
i ,z

d
j )/τi

] ,
lzi = lzi,12 + lzi,1d, (8)
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where τi denotes the instance-level temperature coefficient
and s(·, ·) measures the cosine similarity. The overall con-
trastive loss for instance representation is computed as

Lins = − 1

2B

B∑
i=1

lzi . (9)

When minimizing Eq. (9), z1
i will stay away from similar

domain information undelying z2
j and approach new domain

knowledge from zd
j . Consequently, the network will involve

knowledge from more diverse domains and disentangle from
domain-specific information.

Delving into the underlying mechanism, the Euclidean
distance for a negative pair {z1

i , z
2
j } equals to ∥2 −

2s
(
z1
i , z

2
j

)
∥F because the representation is normalized to

the unit sphere. When wz
ij is large, s

(
z1
i , z

2
j

)
is greater than

s
(
z1
i , z

d
j

)
. After contrastive learning is performed to mini-

mize the similarity of negative pairs, z1i will be pushed away
from z2j compared to zdj . On the contrary, when wz

ij is small,
i.e., the domain difference between z1i and zdj is more subtle
than that between z1i and z2j , z1i will be kept away from zdj . In
summary, the instance projector takes the newly-generated
data as a reference and dynamically approaches more variant
domains. The proof is detailed in the Supplementary Mate-
rial.

Cluster Assignment Contrastive Module
Since the data embedding from the three views shares the
same category information, cluster-level contrastive loss is
posed on pairs from cluster assignments, i.e., {C1, C2} and
{C1, Cd}, to align the label distributions. Namely, for each
cluster, the sample distributions under different views will be
aligned while distributions of different clusters will be dis-
tinct. When the assignment of i-th cluster blends with that
of j-th cluster under augmentation, similarity for the pair of
cluster assignments should be diminished. Likewise, we uti-
lize the discrepancy between cluster assignments from dif-
ferent views and introduce the distribution attention weight
Wc ∈ RK×K whose element is

wc
ij = 1 +

D̂
(
c1i , c

d
j

)
D̂

(
c1i , c

2
j

)
+ D̂

(
c1i , c

d
j

) . (10)

And then the cluster assignment contrastive loss for i-th
cluster can be formulated as

lci,12 =
∑

m={1,2}

log
wc

iie
s(c1

i ,c
2
i )/τc

K∑
j=1

wc
ij

[
es(c

m
i ,cm

j )/τc + es(c
1
i ,c

2
j)/τc

] ,

lci,1d =
∑

m={1,d}

log
wc

iie
s(c1

i ,c
d
i )/τc

K∑
j=1

wc
ij

[
es(c

m
i ,cm

j )/τc + es(c
1
i ,c

d
j )/τc

] ,
lci = lci,12 + lci,1d, (11)

where τc is the temperature coefficient for cluster assign-
ment.

Algorithm 2: Training Procedures of GeCC

Input: Dataset X , training epochs E, batch size B, cluster
number K, probability t, temperature parameter τi and
τc;

Output: Cluster assignments;
1: // Training
2: while epoch < E do
3: Sample a mini-batch {xi}Bi=1 from X;
4: Obtain two augmentations x1

i and x2
i ;

5: Compute instance and cluster representations by
p1
i = fE(x

1
i ), p

2
i = fE(x

2
i )

z1
i = fI(p

1
i ), z

2
i = fI(p

2
i )

c1i = fC(p
1
i ), c

2
i = fC(p

2
i );

6: Generate reference embedding pd by performing
cluster-guided domain shifts modeling at probability
t = 0.1× (epoch//100 + 1);

7: Output instance and cluster representations by zd
i =

fI(p
d
i ), c

d
i = fC(p

d
i );

8: Compute attention weights Wz and Wc;
9: Compute loss for instance representations by Eq. (9);

10: Compute loss for cluster assignments by Eq. (13);
11: Update network through minimizing Eq. (14);
12: epoch = epoch + 1 ;
13: end while
14: // Testing
15: Extract embedding pi = fE(xi);
16: Output cluster assignment ci = fC(pi);
17: Acquire predicted label yi = argmax

k
[ci]k;

When wc
ij is large, the variation between (c1i , c

2
j ) is less

than that of (c1i , c
d
j ), which means that samples assigned to

the i-th category have more overlap with j-th category un-
der augmentation. The negative pair (c1i , c

2
j ) with large dis-

tribution attention will be punished more heavily, such that
the distributions for different clusters will be discriminative.
Vice verse, if wc

ij is small, the overlap for (c1i , c
d
j ) will be

reduced.
To avoid the trivial solution that most instances are as-

signed to the same cluster, the regularization term is com-
posed on three cluster assignment matrices, i.e.,

R (C) =
K∑
i=1

[
H(c1i )logH

(
c1i
)
+H(cdi )logH

(
cdi
)

+H(c2i )logH
(
c2i
)]

, (12)

in which H(cmi ) =
∑B

b=1 cmib
∥Cm∥1

,m ∈ {1, 2, d}. The overall
cluster contrastive loss is computed as

Lcls = − 1

2K

K∑
i=1

lci +R (C) . (13)

Objective Function
The optimization of our model is a one-stage process shown
in Algorithm 2. The overall objective function consists of the
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Datasets Size (n) Classes (c) Split
CIFAR-10 60,000 10 Train+Test

CIFAR-100 60,000 20 Train+Test
ImageNet-10 13,000 10 Train

ImageNet-Dogs 19,500 15 Train

Table 1: Details of the datasets.

instance representation and cluster assignment contrastive
losses, i.e.,

L = λ1Lins + λ2Lcls. (14)

In this paper, λ1 and λ2 are set to 1 on all experimental
datasets.

Experiments
In this section, the performance of the proposed method
GeCC is evaluated by comparing with state-of-the-art meth-
ods on four benchmark datasets.

Datasets
We evaluate the proposed method on four image datasets,
whose details are shown in Table 1. CIFAR-10 consits of 10
categories and CIFAR-100 takes 20 super-classes as the la-
bel. ImageNet-10 and ImageNet-Dogs contains 10 randomly
selected subjects and 15 types of dogs, respectively.

Implementation Details
We adopt the same backbone encoder ResNet-34 for all
datasets except ImageNet-10, which shows better perfor-
mance with ResNet-18. The encoder extracts an embedding
of size 512 for each image. The instance and cluster projec-
tor both consist of two fully connected layers. The row di-
mension of the instance representation is set to 128 and the
column dimension of the cluster assignment equals to the
number of categories. We apply Adam optimizer with learn-
ing rate of 0.0003 to simultaneously optimize the backbone
encoder and two projectors. The size of mini-batch is set as
256. We train the network for E = 1000 epochs. The tem-
perature for instance and cluster representation contrastive
are fixed to 0.5 and 1.0 on all datasets, respectively.

As for the predefined augmentation, we first resize all in-
put images to the size of 224×224, then perform flip, color
jitter, grayscale and GaussianBlur in sequence. For small im-
age datasets including CIFAR-10 and CIFAR-100, we leave
out the GaussianBlur augmentation.

Three widely-used metrics, including Normalized Mutual
Information (NMI), Accuracy (ACC) and Adjusted Rand In-
dex (ARI), are utilized to assess the clustering performance.
Values closer to 1 indicate higher performance.

Experimental Results
We compare the proposed method with 19 representa-
tive clustering approaches, including 4 traditional clustering
methods: k-means (MacQueen et al. 1967), SC (Shi and Ma-
lik 2000), AC (Gowda and Krishna 1978), NMF (Cai et al.
2009), and 10 deep clustering networks: AE (Bengio et al.

2006), DAE (Vincent et al. 2010), GAE (Radford, Metz, and
Chintala 2015), DECNN (Zeiler et al. 2010), VAE (Kingma
and Welling 2013), JULE (Yang, Parikh, and Batra 2016),
DEC (Xie, Girshick, and Farhadi 2016), DAC (Chang et al.
2017), DCCM (Wu et al. 2019), IIC (Ji, Henriques, and
Vedaldi 2019), and 5 state-of-the-art contrastive clustering
methods: PICA (Huang, Gong, and Zhu 2020), DRC (Zhong
et al. 2020), CC (Li et al. 2021b), DeepCluE (Huang et al.
2024), DivClust (Metaxas, Tzimiropoulos, and Patras 2023).

The clustering performance is firstly evaluated on four
benchmark datasets. According to the results shown in Table
2, we can draw the following conclusions.

• It can be seen from the results that the deep learning-
based methods clearly outperform the traditional cluster-
ing methods, mainly due to the powerful representation
learning capabilities of neural networks. For instance, the
worst-performing baseline among deep learning-based
methods achieves 27.20% clustering accuracy in CIFAR-
10, while traditional methods score below 25%.

• Among the deep learning-based methods, we can see
that contrastive learning-based methods excel in clus-
tering performance. Take ImageNet-10 for example,
all contrastive methods achieve accuracy much higher
than 80%, while other deep clustering methods achieve
accuracy below 72%. It demonstrates that the con-
trastive mechanism significantly contributes to learning
clustering-friendly representation.

• Overall, the proposed method significantly outperforms
other compared methods on most datasets in terms of
three evaluation metrics. In particular, for ImageNet-
Dogs, compared to the second best method DivClust,
our method achieves performance improvements of up
to 3.35%, 7.38% and 4.53% in terms of NMI, ACC and
ARI, respectively. DeepCluE based on CC performs en-
semble clustering from the output of multiple layers in
the network, achieving the best results on CIFAR-100.
However, our proposed method still achieves compara-
ble performance without the help of additional clustering
models.

The above results can well demonstrate the effectiveness and
superiority of our proposed method.

Ablation Experiments
In this section, ablation studies are carried out to demon-
strate the importance and effectiveness of the cluster-guided
domain shifts modeling module and well-designed attention
weights. The experimental results are shown in Table 3.

The necessity of introducing cluster-guided domain shifts
is first assessed. ’w Aug’ and ’w DSU’ denote that replac-
ing the cluster-guided domain shifts with random augmen-
tation and DSU, respectively. As we can see, generating
reference view using domain shifts marginally outperforms
random augmentation. Comparing ’w DSU’ with ’CC’, we
can see that the clustering performance degrades slightly for
small image collections including CIFAR-10 and CIFAR-
100. This may be due to the DSU confusing semantic infor-
mation without considering cluster assignment. Moreover,
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Datasets CIFAR-10 CIFAR-100 ImageNet-10 ImageNet-Dogs
Metrics NMI ACC ARI NMI ACC ARI NMI ACC ARI NMI ACC ARI

K-means 0.0870 0.2290 0.0490 0.0840 0.1300 0.0280 0.1190 0.2410 0.0570 0.0550 0.1050 0.0200
SC 0.1030 0.2470 0.0850 0.0900 0.1360 0.0220 0.1510 0.2740 0.0760 0.0380 0.1110 0.0130
AC 0.1050 0.2280 0.0650 0.0980 0.1380 0.0340 0.1380 0.2420 0.0670 0.0370 0.1390 0.0210

NMF 0.0810 0.1900 0.0340 0.0790 0.1180 0.0260 0.1320 0.2300 0.0650 0.0440 0.1180 0.0160
AE 0.2390 0.3140 0.1690 0.1000 0.1650 0.0480 0.2100 0.3170 0.1520 0.1040 0.1850 0.0730

DAE 0.2510 0.2970 0.1630 0.1110 0.1510 0.0460 0.2060 0.3040 0.1380 0.1040 0.1900 0.0780
GAN 0.2650 0.3150 0.1760 0.1200 0.1510 0.0450 0.2250 0.3460 0.1570 0.1210 0.1740 0.0780

DeCNN 0.2400 0.2820 0.1740 0.0920 0.1330 0.0380 0.1860 0.3130 0.1420 0.0980 0.1750 0.0730
VAE 0.2450 0.2910 0.1670 0.1080 0.1520 0.0400 0.1930 0.3340 0.1680 0.1070 0.1790 0.0790
JULE 0.1920 0.2720 0.1380 0.1030 0.1370 0.0330 0.1750 0.3000 0.1380 0.0540 0.1380 0.0280
DEC 0.2570 0.3010 0.1610 0.1360 0.1850 0.0500 0.2820 0.3810 0.2030 0.1220 0.1950 0.0790
DAC 0.3960 0.5220 0.3060 0.1850 0.2380 0.0880 0.3940 0.5270 0.3020 0.2190 0.2750 0.1110

DCCM 0.4960 0.6230 0.4080 0.2850 0.3270 0.1730 0.6080 0.7100 0.5550 0.3210 0.3830 0.1820
IIC - 0.6170 - - 0.2570 - - - - - - -

PICA 0.5910 0.6960 0.5120 0.3100 0.3370 0.1710 0.8020 0.8700 0.7610 0.3520 0.3520 0.2010
DRC 0.6210 0.7270 0.5470 0.3560 0.3670 0.2080 0.8300 0.8840 0.7980 0.3840 0.3890 0.2330
CC 0.7050 0.7900 0.6370 0.4310 0.4290 0.2660 0.8590 0.8930 0.8220 0.4450 0.4290 0.2740

DeepCluE 0.7270 0.7640 0.6460 0.4720 0.4570 0.2880 0.8820 0.9240 0.8560 0.4480 0.4160 0.273
DivClust 0.7240 0.8190 0.6810 0.4400 0.4370 0.2830 0.8910 0.9360 0.8780 0.5160 0.5290 0.3760

Ours 0.7559 0.8440 0.7108 0.4419 0.4518 0.2878 0.9092 0.9615 0.9167 0.5495 0.6028 0.4213

Table 2: Clustering performance of various methods on four datasets. The best results are in boldfaced and the suboptimal
results are underlined.

Datasets CIFAR-10 CIFAR-100 ImageNet-10 ImageNet-Dogs
Metrics NMI ACC ARI NMI ACC ARI NMI ACC ARI NMI ACC ARI

CC 0.7050 0.7900 0.6370 0.4310 0.4290 0.2660 0.8590 0.8930 0.8220 0.4450 0.4290 0.2740
w Aug 0.6858 0.7787 0.6197 0.4349 0.4200 0.2789 0.8475 0.8940 0.8168 0.4600 0.4650 0.3034
w DSU 0.6943 0.7893 0.6734 0.4230 0.4105 0.2564 0.8521 0.9057 0.8260 0.5158 0.5453 0.3800
w/o W 0.6255 0.7058 0.5348 0.4330 0.4371 0.2809 0.8543 0.8944 0.8213 0.4369 0.4385 0.2789
w Wc 0.5831 0.6530 0.4752 0.3962 0.3911 0.2359 0.8111 0.8672 0.7737 0.3461 0.3675 0.2039
w Wz 0.6141 0.6710 0.5114 0.4374 0.4427 0.2768 0.8422 0.8872 0.8090 0.4292 0.4455 0.2733
Ours 0.7559 0.8440 0.7108 0.4419 0.4518 0.2878 0.9092 0.9615 0.9167 0.5495 0.6028 0.4213

Table 3: The clustering performance for ablation experiments on four datasets.

the performance gain for ImageNet datasets is limited. Com-
pared with the proposed method, it can be seen that the
incorporation of clustering information significantly boosts
the performance. The results demonstrate that the cluster-
guided domain shifts modeling module effectively preserves
the key category information while injecting more varia-
tional features within the generated reference.

We also conduct ablation studies on the importance of
attention weights. ’w/o W ’ denotes performing contrastive
learning without weighting strategy. ’w Wc’ and ’w Wz’
denote the incorporation of distribution and domain atten-
tion weights derived from cluster assignments and instance
representations, respectively. It can be seen that without the
weighting strategy, the performance improvement on most
datasets is limited. In addition, the results deteriorate signif-
icantly when only the cluster assignment contrastive mod-
ule utilizes the distribution attention weights. By compar-
ison, the proposed method achieves state-of-the-art perfor-
mance by leveraging the attention weights in both instance

and cluster representation learning, demonstrating that the
proposed method can better integrate the cluster-related in-
formation from the available views.

Conclusion
This paper proposed a novel Generalized Contrastive Clus-
tering with domain shifts modeling (GeCC) method that
maximizes the extraction of cluster-related information un-
der augmentation. GeCC integrates a cluster-guided domain
shift modeling module to synthesize reference views with
variant domains. This module facilitates the computation of
well-designed attention weights, which are then employed
to guide the contrastive learning process. By optimizing the
contrastive loss over instance representations and cluster as-
signments, the model disentangles itself from the domain-
specific information inherent in augmentation and mines the
cluster-related information across different views. Extensive
experimental results on four benchmark datasets demon-
strate the dominant performance of our proposed method.
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