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Abstract

Image clustering is a fundamental task in unsupervised visual
learning. While recent self-supervised methods have explored
various pretext tasks to generate supervision signals for clus-
tering, they typically depend exclusively on raw images, result-
ing in insufficient supervision signals that are inherently con-
strained by limited visual semantics. In this paper, we propose
anovel Semantic-Augmented image Clustering (SAC) method,
which transcends the inherent limitations of purely visual rep-
resentations through the integration of external knowledge.
Specifically, SAC utilizes Vision-Language pre-trained Mod-
els (VLMs) to flexibly generate textual descriptions for each
image, providing external semantic cues to supplement the
visual information. By integrating both visual and textual infor-
mation, SAC achieves image clustering through a multi-modal
learning framework. To mitigate the negative impact of inac-
curate textual information, SAC designs an uncertainty-driven
adaptive weighting mechanism that explores both intra-modal
and inter-modal neighborhood structures, and incorporates
the adaptive weights into intra-modal and inter-modal con-
trastive learning, which improves the robustness against noisy
image-text correspondences. Experiments on several popu-
lar datasets demonstrate the superiority of SAC compared to
state-of-the-art methods.

Introduction

As a longstanding task in unsupervised visual learning, im-
age clustering aims to partition images into groups in the
absence of ground-truth labels. Existing image clustering
methods can generally be categorized into two types: clas-
sical methods and deep learning-based methods. Classical
approaches typically rely on prior knowledge or assump-
tions, such as hand-crafted feature descriptors (Lowe 2004),
manifolds (Belkin and Niyogi 2001; Roweis and Saul 2000),
sparse (Elhamifar and Vidal 2013; Peng, Zhang, and Yi 2013)
and low-rank structures (Liu, Lin, and Yu 2010; Nie et al.
2016; Zhang et al. 2022, 2025), to learn latent representations
for clustering. Despite the impressive performance of these
methods, they usually struggle to maintain effectiveness when
confronted with complex and high-dimensional data. Thanks
to the great success of deep learning, deep image clustering
methods adopt deep neural networks to extract high-level

*Corresponding author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

28437

informative representation for facilitating the downstream
clustering tasks (Xie, Girshick, and Farhadi 2016; Caron et al.
2018; Li et al. 2021).

In recent years, self-supervised learning paradigms have
been widely adopted in deep clustering, which design various
pretext tasks to provide supervision signals for guiding the
learning process (Noroozi and Favaro 2016; Gidaris, Singh,
and Komodakis 2018; Chen et al. 2020; He et al. 2020, 2022).
Among them, contrastive learning has demonstrated promis-
ing results in both representation learning and downstream
tasks. Its core idea is to maximize the similarities between
positive pairs while simultaneously minimizing those be-
tween negative pairs. The positive and negative correlations
are typically determined by sample similarity or data aug-
mentation, which serve as supervision signals. Despite their
remarkable success, most existing methods generate supervi-
sion signals in an internal manner, while those signals only
rely on given images and are inherently constrained by the
limited visual information. Therefore, some recent works
attempt to leverage external knowledge, e.g., text, to enhance
the image clustering performance (El Banani, Desai, and
Johnson 2023; Cai et al. 2023; Li et al. 2024; Qiu et al. 2024).
Representatively, Cai et al. (Cai et al. 2023) utilized WordNet
(Miller 1995) to assign each image some textual semantic
tags, enabling the integration of external linguistic knowl-
edge to guide visual representation learning in a multi-modal
manner. Li et al. (Li et al. 2024) and Qiu et al. (Qiu et al.
2024) also adopted WordNet to construct a textual space and
performed cross-modal contrastive learning for representa-
tion alignment. Given the richer semantics embedded in the
textual modality compared to the visual modality, these ap-
proaches demonstrate substantial improvements and point to
a promising direction for image clustering.

Clearly, the performance of external semantics-guided im-
age clustering hinges on two key aspects: (1) how to generate
high-quality external semantics, and (2) how to effectively
integrate internal and external semantics for clustering. Al-
though WordNet provides a comprehensive lexical ontology,
it contains a vast number of concepts that are irrelevant to
the given data. Since the assigned semantic tags heavily rely
on the pre-defined semantic vocabulary (Cai et al. 2023; Li
et al. 2024; Qiu et al. 2024), this overabundance may degrade
the quality of external semantics, even when filtering strate-
gies are applied. Moreover, it is inevitable that some selected



words are incorrect, while the resulting noisy image-text cor-
respondences are often overlooked previously.

In this paper, we propose a new image clustering method
with Semantic Augmentation and Adaptive Collaboration,
SAC for short. SAC leverages VLMs to flexibly generate
textual descriptions for each image, and subsequently inte-
grates both visual and textual modalities to improve image
clustering performance through multi-modal collaboration.
Considering that the noisy image-text correspondences are
caused by wrong or inaccurate textual descriptions, SAC de-
signs an uncertainty-driven adaptive weighting mechanism
by exploring the intra- and inter-modal neighborhood struc-
tures, and incorporates it into robust contrastive learning. The
main contributions of this work are summarized as follows.

* We propose a novel deep image clustering method called
SAC, which effectively leverages external knowledge
from VLMs and enhances clustering performance through
multi-modal collaboration.

* To enhance robustness against noisy image-text corre-
spondences, we mine both intra-modal and inter-modal
neighborhood structures for adaptive weighting, and incor-
porate them into a robust contrastive learning framework.

» Extensive experiments on several popular datasets are
conducted to illustrate the superiority of our method over
various state-of-the-art image clustering methods.

Related Work
Deep Image Clustering

Early deep clustering methods combine deep representation
learning with shallow clustering techniques like kmeans, sub-
space clustering, or spectral clustering. These methods usu-
ally require post-processing to finalize clustering. Recent
research has shifted to end-to-end frameworks that directly
predict the cluster assignments of images via deep neural
networks. One of the major advances in image clustering has
been achieved by contrastive learning (Li et al. 2021; Shen
et al. 2021; Zhong et al. 2021; Huang et al. 2023), which en-
courages representations to be similar for positive pairs while
pushing apart the representations of negative pairs. Positive
samples are often composed of augmented views of the same
image or its neighborhood in the feature space. Despite their
great success, these methods rely solely on internal informa-
tion, e.g., input images, whose performance may be limited
by insufficient visual semantics. More recently, researchers
have begun to shift their attention from internal information
to external guidance (Cai et al. 2023; Li et al. 2024; Liu
et al. 2024; Qiu et al. 2024). For example, TAC (Li et al.
2024) and SIC (Cai et al. 2023) propose selecting a word cap-
tion from WordNet for each image, and then performing im-
age—text cross-modal alignment, which improves clustering
performance compared to using images alone. However, they
overlook the potential noise in the selected words. Although
MCA (Qiu et al. 2024) performs multi-level alignment to
alleviate the negative influence of noisy words, accurately
estimating the reliability of each image—text pair and fully
exploiting the potential of multi-modal collaboration remain
open challenges for future research. Moreover, these previous
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works rely on a fixed WordNet vocabulary, which restricts
them from producing more semantically accurate and fine-
grained descriptions.

Vision-Language Pre-training Models

The core objective of VLMs is to effectively capture and
model interactions between visual and textual modalities.
According to the network structure, VLMs are generally cat-
egorized into two types: single-stream and dual-stream ar-
chitectures. The former fuses image and text representations
early, enabling deep cross-modal interaction, while the lat-
ter processes each modality independently before alignment,
offering greater flexibility and efficiency. As a representa-
tive dual-stream VLM, CLIP (Radford et al. 2021) employs
a ViT-based image encoder and a Transformer-based text
encoder, and introduces a contrastive learning framework
that aligns image and text embeddings in a shared latent
space. Building upon this foundation, BLIP (Li et al. 2022)
introduces a unified framework for vision-language under-
standing and generation, based on a flexible encoder-decoder
architecture that supports both discriminative and generative
tasks. Subsequently, BLIP-2 (Li et al. 2023) introduces a
parameter-efficient design that decouples vision encoding
and language modeling. Its lightweight architecture and high
efficiency have made it a foundation for many subsequent
multi-modal models (Liu et al. 2023). VLMs have demon-
strated remarkable versatility across a broad range of tasks,
including discriminative tasks such as zero-shot image classi-
fication and image-text retrieval, as well as generative tasks
like image captioning and visual question answering. Inspired
by the powerful generative capacity, we leverage VLMs to
generate rich textual information for enhancing the image
clustering performance.

Method

In this section, we elaborate on the proposed SAC method,
as illustrated in Fig. 1.

Semantic Augmentation Based Clustering

Compared to visual semantics, textual semantics are inher-
ently more effective for discriminative tasks such as classifi-
cation and clustering. For example, while the words “cat” and
“dog” are semantically distinct in textual form, their visual
representations may share similar features, making visual
discrimination more ambiguous, especially in unsupervised
settings. Therefore, our method generates textual counterparts
for semantic augmentation. Given an image dataset with n
samples, denoted as X' = {z1, 22, - ,x,}, we leverage the
powerful capabilities of VLMs to bridge the gap between
images and text. For each image x;, we generate a corre-
sponding textual description by a VLM such as BLIP-2 (Li
et al. 2023), denoted as

Then, for the image and text modalities, we employ pre-
trained encoders to extract the visual embedding v; = ey (z;)
and textual embedding t; = er(y;), where ey (-) and er(+)
represent the image encoder and text encoder, respectively.
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Figure 1: The framework of the proposed SAC. SAC leverages VLMs to generate semantic guidance. To mitigate the negative
impact of inaccurate textual information, SAC introduces a contrastive learning scheme with adaptive collaboration.

Both ey and er are kept frozen during the training process.
Let ¢ be the number of clusters, fi: v — p € R®and fp:
t — g € R represent the image and text clustering head,
respectively, which map the visual and textual embeddings
to soft cluster assignment probability vectors, i.e.,
pi = fv(vi;0v) = fv(ev(zi); 0v),
¢ = fr(ti;0r) = fr(er(y:); 07),
where 6y and 6 are the network parameters.

By well leveraging the constructed image-text pairs, the
clustering performance is expected to improve through multi-
modal collaboration. A key challenge lies in mitigating the
negative impact of noisy image-text correspondences, which
arise from wrong or inaccurate text generation. For example,
as shown in Fig. 1, VLM produces an inaccurate description
“a woman standing next to a TV, which ignores the central
subject, penguin.

©))

Contrastive Learning with Adaptive Collaboration

After augmenting the textual view, a natural approach is to ap-
ply contrastive learning to the image-text pairs to enhance the
instance discrimination. However, the noisy image-text cor-
respondences hinder the effectiveness of contrastive learning.
To address this challenge, we design an uncertainty-driven
adaptive weighting mechanism and integrate it with both
intra-modal and inter-modal contrastive learning for robust
clustering.

Uncertainty-Driven Adaptive Weighting To enhance ro-
bustness against noisy correspondences, we amplify the
contribution of reliable samples while suppressing the im-
pact of noisy ones. Inspired by recent structure-aware ad-
vances (Jiang et al. 2025; Zhang et al. 2024), we explore the
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multi-modal neighborhood structure to measure the uncer-
tainty between each image and its corresponding text.

For the image-text pair (x;,y;), we first identify the k
nearest neighbors in the textual space based on similarity
sim(t;,t;) (¢ # j). The indices of these nearest neighbors in
the textual space are denoted as N .

When an image-text pair (x;, y;) is correctly aligned with
consistent semantics, its nearest neighbors in the textual space
are also expected to correspond to visually similar images,
which means that the cluster assignments {p;|j € N}
should also be similar to p;. Thus, we measure the intra-
modal similarity between p; and {p;|j € NI}, ie.,

; SK
s (0

3

wi -

where p = % > JENT Pj is the average cluster assignment

of image modality, a > 0 is a scale factor, and sgm is the sig-
moid function. Intuitively, if p; is similar to {p;|j € N}, z;
and y; have more similar neighborhood structures, indicating
them more likely to be correctly aligned, and consequently,
wi? will be larger. Eq. (3) captures the similarity within im-
age modality. As a complementary measure, we also compute
wi?' = sgm (sim (¢;, @) /a) in the text modality, where
qk = % > jenv 4i is the average cluster assignment of text

modality, and the neighbor set {g;|; € NV} is constructed
analogously to {p;|j € N;''}. Then, the Intra-modal Neigh-
borhood Uncertainty Weight (INUW) is defined as

IN _ i 2t
i =oc w4+ (1—a) - w,

“

where o € (0, 1) is a balance parameter. A larger w! indi-
cates greater intra-modal neighborhood consistency between

w



two modalities.

The weight w!N characterizes the consistency of intra-
modal neighborhood structures, and we further explore the
consistency of inter-modal neighborhood structures. If the
image-text pair (z;,y;) is correctly aligned, the cluster as-
signment of the image modality p; should be similar to that
of its textual neighbors {¢;|j € N }; conversely, the cluster
assignment of the text modality ¢; should be similar to that
of its visual neighbors {p;|j € N,V'}. Thus, we can directly
measure the cross-modal neighborhood similarity by

w' = sgm (Sim (pi’qu)> , wi = sgm (Sim (qi,pff’)> :
(5)

a a

where gV = % ZjeN,T g; and pY = %Z]»GN_V p;. Then,

the Cross-modal Neighborhood Uncertainty Weight (CNUW)
is defined as

wN = a - w? + (1 - ) - w?. (6)

A larger wSN indicates the higher cross-modal neighborhood
consistency.

Robust Contrastive Learning Based on the INUW and
CNUW, we incorporate them into robust intra-modal and
cross-modal contrastive learning to improve the model’s
robustness against noisy correspondences. The robust con-
trastive loss is composed of

Lre = LRE + LRE, )

where £ and L' denote the intra-modal contrastive
learning loss and inter-modal contrastive learning loss, re-

spectively. £l is defined as

esim(pi 7ﬁ,LK)/'r'

n
Ly == wi log——— e
i eSUU(Pi,yPi )/~ =+ Zj;ﬁi eﬁlm(m,pj )/

‘ ®)
LEE" is a bidirectional loss defined as
n n
Lyt =Y "Lty L, ©)
i=1 i=1
) sim(pi,tle)/‘r
@ €
L7 = —wi - log 0 (10

esim(pi,tﬁ,\’)/f + Zj# esim(myqj )

gsim (i, ) /7

‘C:*m CN

= —w; -log 7 , (11)

esim(ai-pY)/7 4 Y esim(ai.2))

where 7 is a temperature parameter. The robust contrastive
loss distills the neighborhood information both within and
across modalities with adaptive weights for discriminative
representation learning.

Additionally, we introduce two regularization terms to
stabilize the training process. Denote P = [py;- - ; p,] and
Q = [q1;-+ ;qn], and let p; € R™ and ¢; € R™ be the i-
th column of P and @), respectively. We first introduce the
bi-directional alignment regularization:

1< T
Lcp, = EZCE (Pi, Gs) + ﬁZCE (P> ai) (12)
i=1

=1
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Dataset Image Size # Training # Test # Classes
STL-10 96 x 96 5,000 8,000 10
CIFAR-10 32 x 32 50,000 10,000 10
CIFAR-20 32 x 32 50,000 10,000 20
ImageNet-10 224 x 224 13,000 500 10
ImageNet-Dogs 64 x 64 19,500 750 15

Table 1: A summary of datasets used for evaluation.

where CE is the cross-entropy loss. Second, to prevent all
samples from collapsing into only a few clusters, we adopt
the following balance loss:

c

Lg = — Z (pilog pi + Gilog Gi) (13)
i=1

where p; = 23 pand G = = 3. ¢
To this end, the overall objective function of SAC can be
formulated as:

Lsac = Lrc + Ao - Lo — b - Lpr, (14)

where )\, and )\, are two trade-off parameters.

Experiments
Experimental Setup

Datasets To assess the effectiveness of our SAC method,
we conduct experiments on five standard image clustering
benchmark datasets: STL-10 (Coates, Ng, and Lee 2011),
CIFAR-10/20 (Krizhevsky and Hinton 2009), ImageNet-10,
and ImageNet-Dogs (Chang et al. 2017). The general statis-
tics of these datasets are presented in Table 1.

Baselines We compare our SAC with 17 state-of-the-
art clustering methods on the five datasets, including
JULE (Yang, Parikh, and Batra 2016), DEC (Xie, Gir-
shick, and Farhadi 2016), DAC (Chang et al. 2017),
DCCM (Wu et al. 2019), IIC (Ji, Henriques, and Vedaldi
2019), PICA (Huang, Gong, and Zhu 2020), CC (Li et al.
2021), IDFD (Tao, Takagi, and Nakata 2020), SCAN (Van
et al. 2020), MiCE (Tsai, Li, and Zhu 2020), GCC (Zhong
etal. 2021), NNM (Dang et al. 2021), TCC (Shen et al. 2021),
SPICE (Niu, Shan, and Wang 2022), SIC (Cai et al. 2023),
TAC (Li et al. 2024) and MCA (Qiu et al. 2024). It is worth
noting that SIC, TAC, and MCA are recent image cluster-
ing approaches that incorporate external text information,
whereas the other methods rely solely on visual information.

Evaluation Metrics To comprehensively assess cluster-
ing quality, we employ three popular metrics: Normalized
Mutual Information (NMI), Clustering Accuracy (ACC) and
Adjusted Rand Index (ARI) as evaluation criteria. Higher
values on all metrics indicate better performance.

Implementation Details Our framework employs a CLIP
ViT-B/32 backbone (Dosovitskiy et al. 2020) to extract
512-dimensional visual embeddings v; € R5'2 of input
images. Textual descriptions are generated by BLIP-2 (Li
et al. 2023) through its image-to-text decoder, then encoded



Dataset STL-10 CIFAR-10 CIFAR-20 ImageNet-10 ImageNet-Dogs AVG
Metrics NMI ACC ARI NMI ACC ARI NMI ACC ARI NMI ACC ARI NMI ACC ARI

JULE (Yang, Parikh, and Batra 2016)  18.2 27.7 164 19.2 27.2 13.8 103 13.7 33 175 300 138 54 138 28 155
DEC (Xie, Girshick, and Farhadi 2016) 27.6 359 18.6 25.7 30.1 16.1 13.6 185 5.0 28.2 381 203 122 195 79 212
DAC (Chang et al. 2017) 36.6 47.0 25.7 39.6 522 30.6 185 238 8.8 394 527 30.2 219 275 11.1 31.0
DCCM (Wu et al. 2019) 37.6 482 262 49.6 623 40.8 285 327 17.3 60.8 71.0 55.5 32.1 383 182 41.3
IIC (Ji, Henriques, and Vedaldi 2019)  49.6 59.6 39.7 513 61.7 41.1 225 25.7 11.7 - - - - - - -

PICA (Huang, Gong, and Zhu 2020) 61.1 713 53.1 59.1 69.6 512 31.0 33.7 17.1 80.2 87.0 76.1 352 353 20.1 52.1
CC (Li et al. 2021) 764 85.0 72.6 70.5 79.0 63.7 43.1 429 26.6 859 89.3 822 445 429 274 62.1
IDFD (Tao, Takagi, and Nakata 2020) 64.3 75.6 57.5 71.1 81.5 66.3 42.6 425 264 89.8 954 90.1 54.6 59.1 413 63.9
SCAN (Van et al. 2020) 69.8 80.9 64.6 79.7 883 77.2 48.6 50.7 333 - - - 612 593 457 -

MiCE (Tsai, Li, and Zhu 2020) 63.5 752 575 7377 835 69.8 43.6 440 28.0 - - - 423 439 286 -

GCC (Zhong et al. 2021) 684 78.8 63.1 764 856 72.8 472 472 30.5 842 90.1 822 49.0 52.6 362 643
NNM (Dang et al. 2021) 66.3 76.8 59.6 73.7 83.7 69.4 48.0 459 302 - - - 604 58.6 449 -

TCC (Shen et al. 2021) 73.2 81.4 689 79.0 90.6 733 479 49.1 31.2 84.8 89.7 825 554 595 41.7 672
SPICE (Niu, Shan, and Wang 2022) 81.7 90.8 81.2 734 83.8 70.5 44.8 46.8 294 82.8 92.1 83.6 572 64.6 479 68.7
SIC (Cai et al. 2023) 953 98.1 959 84.7 92.6 84.4 593 583 439 97.0 982 96.1 69.0 69.7 55.8 79.9
MCA (Qiu et al. 2024) 95.5 982 96.0 850 92.8 849 60.6 612 455 - - - 751 779 643 -

TAC (Li et al. 2024) 95.5 982 96.1 833 919 83.1 61.1 60.7 44.8 985 99.2 983 80.6 83.0 72.2 83.2
SAC-I (k-means) 88.7 97.5 82.8 704 827 59.1 46.0 39.2 28.7 922 98.8 884 394 44.1 255 70.0
SAC-T (k-means) 88.9 96.8 80.4 86.3 95.6 813 58.6 55.1 413 875 96.6 84.3 59.3 59.4 40.1 74.1
SAC 96.2 98.5 96.7 88.5 949 89.1 66.1 67.4 519 99.1 99.6 99.1 83.7 86.5 75.9 86.2

Table 2: Clustering performance (%) of different methods on five image datasets. The best and second best results are denoted in

bold and underline, respectively.

STL-10 CIFAR-10

Noise ‘

CIFAR-20

ImageNet-10 ImageNet-Dogs

AVG

| NMI ACC ARI NMI ACC ARI NMI ACC ARI NMI ACC ARI NMI ACC ARI
0% 96.2 985 96.7 885 949 891 661 674 519 991 996 991 837 865 759 86.2
30% | 96.2 985 96.7 88.0 946 885 660 645 502 991 996 991 769 765 657 84.0
60% | 959 984 965 869 940 874 631 622 473 987 994 986 751 761 635 829

Table 3: Clustering performance of SAC under different noise rates.

into 768-dimensional semantic vectors ¢; € R7%® using

SBERT (Reimers and Gurevych 2019) to get pure textual
representations. Both image and text encoders are frozen dur-
ing the training process. The only trainable component is the
image/text clustering head implemented as a fully-connected
layer f, : R912/768 _ R¢ where ¢ denotes the cluster num-
ber.

We optimize the model using Adam optimizer (n = 1073,
batch size = 512) with early-stopping. The hyper-parameters
aresettor = 1.1, a=1,aa =09, A\, = 0.6and \, = 4
across all datasets. All experiments are executed with an
NVIDIA A100 GPU.

Main Results

Comparisons with State-of-the-arts Table 2 lists the clus-
tering results of different methods on all datasets w.r.t. three
metrics. From the results, we can draw the following obser-
vations: (1) Compared to methods that rely solely on visual
information (from JULE to SPICE), our approach achieves
significant improvements in clustering performance. For ex-
ample, on the STL-10 dataset, SPICE achieves an ACC of
90.8%, whereas SAC reaches 98.5%. The results demon-
strate the effectiveness of incorporating external textual in-
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formation for enhancing visual representation learning. (2)
Compared to SIC, MCA, and TAC that also leverage text
information, SAC consistently outperforms them, especially
on CIFAR-10, CIFAR-20, and ImageNet-Dogs datasets. The
main reason is that our method leverages VLMs to improve
the quality of texts and designs a robust contrastive learning
framework for clustering. (3) To further investigate the effec-
tiveness of multi-modal collaboration, we design SAC-I and
SAC-T, which perform kmeans on the extracted visual em-
beddings and textual embeddings, respectively. SAC-T signif-
icantly outperforms SAC-I in most cases such as CIFAR-10,
CIFAR-20 and ImageNet-Dogs datasets, demonstrating that
the generated textual descriptions capture richer semantic
information. SAC outperforms the two variants, validating
the effectiveness of multi-modal collaboration.

Robustness against Noisy Correspondences To evaluate
the robustness of SAC against noisy image-text correspon-
dences, we conduct experiments under three conditions: no
additional noise, 30% artificial noise, and 60% artificial noise.
The artificial noise is introduced by randomly deleting words
within a sentence and mixing sentences generated from two
different images at a pre-defined rate. The clustering results
are presented in Table 3. SAC maintains relative stable perfor-
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Figure 2: t-SNE visualization of different features on the ImageNet-Dogs training set.

Loss Terms CIFAR-20 ImageNet-Dogs
Lre L. Lo | NMI ACC  ARI NMI ACC ARI
v - - 56.6 287 300 159 7.8 53
- v - 125 50 1.5 648 92 400
- - v 589 570 399 682 664 51.0
- v v 572 562 394 567 487 34.1
v - v 572 563 394 811 728 628
v v - 66.1 662 618 820 844 729
v v v 66.1 674 519 837 865 759

Table 4: Performance of SAC with different loss terms.

mance across varying levels of additional noise, especially on
STL-10 and ImageNet-10 datasets. The possible reason is that
the adopted VLM is capable of generating accurate textual
descriptions, and our robust contrastive learning framework
further enhances resistance to noisy correspondences.

Visualization To illustrate the effectiveness of text-guided
mechanisms in refining feature distributions for image cluster-
ing, Fig. 2 presents a comparative visualization of final cluster
assignments alongside the visual and textual embeddings ex-
tracted by their respective encoders on the ImageNet-Dogs
dataset. The visual embeddings show relatively poor sepa-
ration among clusters, while the textual embeddings exhibit
improved cluster separation, reflecting the richer semantic
information. By leveraging both modalities through adaptive
collaboration, the final learned cluster assignments achieve
the most distinct and compact clustering, demonstrating the
effectiveness of the text-guided multi-modal collaboration in
improving image clustering performance.

Ablation Studies

Loss Terms An ablation study on the loss components Lgc,
LcL, and L is conducted on CIFAR-20 and ImageNet-Dogs
datasets to evaluate their effectiveness. In our method, Lrc
distills both intra-modal and inter-modal neighborhood infor-
mation, Lpy, prevents cluster collapse by promoting balanced
assignments, and Lc facilitates cross-modal bi-directional
alignment at both category and instance levels. As shown in
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Weights CIFAR-20
w™  w™ | NMI ACC ARI NMI ACC ARI
- - | 652 657 494 829 849 737

ImageNet-Dogs

v - 654 66.1 498 829 86.1 7438
- v 652 668 499 829 859 746
v v 66.1 674 519 837 865 759

Table 5: Performance of SAC with different weights.

Components CIFAR-20
Linia R | NMI  ACC  ARI NMI ACC ARI

- v 649 641 50.0 80.0 78.1 68.6
4 - 653 664 512 829 854 743
v v 66.1 674 519 83.7 865 759

ImageNet-Dogs

Table 6: Performance of SAC with different contrastive loss.

Table 4, each of these loss components contributes to improv-
ing the clustering performance.

Adaptive Weights Table 5 presents the clustering results
of SAC with different adaptive weights, i.e., wN and wN
in Lcp, on CIAFR-20 and ImageNet-Dogs datasets. When
neither w™ nor w®N is applied, Lrc reduces to a standard
contrastive learning form, yielding the lowest performance.
By incorporating both intra-modal and inter-modal neigh-
borhood uncertainty weights, our method guides contrastive
learning to focus more effectively on well-aligned sample
pairs, thereby achieving the best performance.

Intra-modal and Inter-modal Contrastive learning Our
robust contrastive learning includes intra-modal and inter-
modal learning. To evaluate their effectiveness, we compare
the performance of SAC with different robust contrastive loss
on CIFAR-20 and ImageNet-Dogs, and report the clustering
results in Table 7. The results show that combining intra-
modal and inter-modal contrastive learning yields the best per-
formance, confirming that intra-modal and inter-modal learn-
ing provide complementary signals, structural consistency



CIFAR-10 CIFAR-20
Generator
NMI ACC ARI NMI ACC ARI
WordNet 854 932 858 59.8 557 424
BLIP 88.1 946 887 586 558 426
BLIP-2 885 949 89.1 661 674 519

Table 7: Performance of SAC with different text generators.

(a) CIFAR-10

(b) CIFAR-20

Figure 3: Sensitivity analysis of A, and ;.
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Figure 4: Sensitivity analysis of Neighbors’ number k.
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within modalities, and semantic alignment across modalities.

Text Generator Our SAC adopts BLIP-2 as a text gener-
ator to generate the textual descriptions for each image. To
evaluate the impact of different text generators, we conduct
experiments comparing WordNet, BLIP, and BLIP-2. For
WordNet, we adopt the same strategy as in TAC (Li et al.
2024) to select descriptive words. For BLIP and BLIP-2, the
textual sentences are generated using their respective image-
to-text decoders. As shown in Table 7, SAC using VLMs
(BLIP and BLIP-2) generally achieves better performance
compared to using WordNet. The main reason is that Word-
Net relies on selecting semantically similar words from a
fixed vocabulary, which constrains its flexibility and expres-
sive capacity. In contrast, BLIP and BLIP-2 generate image-
conditioned descriptions with richer contextual information.
Besides, BLIP-2 achieves better results than BLIP, owing
to its stronger vision-language understanding capabilities.
These results indicate that generating more accurate textual
descriptions can further enhance clustering performance.

Parameter Analyses

Parameters A\, and )\, We investigate the impact of the
parameters A\, and )\, where )\, encourages bi-directional
clustering consistency across modalities, and A\, mitigates
cluster collapse while promoting balanced category distribu-
tions. Fig. 3 shows the ACC of SAC with different parameters
on two datasets. The optimal parameters vary across datasets.
In general, SAC can achieve relatively stable and satisfactory
performance when A, and ), are selected from [0.4, 0.8] and
[2,4], respectively. In our experiments, we set the default
Aq = 0.6 and )\, = 4 for simplicity.

Number of Neighbors £ SAC distills the neighborhood
information both within and across modalities with adaptive
contrastive weights. Here we evaluate the impact of the num-
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Figure 5: Sensitivity analysis of a.

ber of nearest neighbors k. As shown in Fig. 4, the clustering
performance of SAC is not very sensitive to k. Although
the optimal k value varies across datasets, we set the default
k = 20 on all datasets for simplicity, which also achieves
stable and satisfactory results.

Balance Factor o« The balance factor o in INUW and
CNUW controls the relative importance of the neighbor in-
formation within two modalities. A larger « value increases
reliance on the textual neighborhoods to determine the un-
certainty weight. As shown in Fig. 5, a large « value leads
to improved performance on ImageNet-Dogs, while its im-
pact is less pronounced on ImageNet-10. We set the default
a = 0.9 across all datasets.

Conclusion

This paper proposes a novel SAC method that tackles the
image clustering problem in a multi-modal fashion by intro-
ducing external knowledge from VLMs. SAC utilizes VLMs
to generate textual descriptions for each image, thereby en-
hancing semantic information and offering complementary
perspectives. To mitigate the negative impact of inaccurate
textual information, SAC designs a robust contrastive learn-
ing framework with an uncertainty-driven adaptive weighting
mechanism. It explores the neighborhood structure within
and across modalities, and distills the neighborhood informa-
tion with adaptive weights. Experimental results on datasets
validate its effectiveness and superiority of the state-of-the-art
approaches. .
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