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Abstract

While large language-image pre-trained models like CLIP of-
fer powerful generic features for image clustering, existing
methods typically freeze the encoder. This creates a funda-
mental mismatch between the model’s task-agnostic repre-
sentations and the demands of a specific clustering task, im-
posing a ceiling on performance. To break this ceiling, we
propose a self-enhanced framework based on cross-modal se-
mantic consistency for efficient image clustering. Our frame-
work first builds a strong foundation via cross-modal seman-
tic consistency and then specializes the encoder through self-
enhancement. In the first stage, we focus on cross-modal se-
mantic consistency. By mining consistency between gener-
ated image-text pairs at the instance, cluster assignment, and
cluster center levels, we train lightweight clustering heads to
align with the rich semantics of the pre-trained model. This
alignment process is bolstered by a novel method for gen-
erating higher-quality cluster centers and a dynamic balanc-
ing regularizer to ensure well-distributed assignments. In the
second stage, we introduce a self-enhanced fine-tuning strat-
egy. The well-aligned model from the first stage acts as a re-
liable pseudo-label generator. These self-generated supervi-
sory signals are then used to feed back the efficient, joint op-
timization of the vision encoder and clustering heads, unlock-
ing their full potential. Extensive experiments on six datasets
show that our method outperforms existing deep clustering
methods by significant margins. Notably, our results under
ViT-B/32 model match or even surpass the accuracy of state-
of-the-art methods built upon the far larger ViT-L/14.

Introduction
Image clustering is a classic unsupervised task that aims to
group unlabeled samples into different clusters by exploit-
ing the inherent relationships between the samples. Initially,
researchers mainly focused on traditional machine learn-
ing methods for image clustering, including K-means (Ney-
man and Scott 1967), hierarchical clustering (Ward Jr 1963),
spectral clustering (Ng, Jordan, and Weiss 2001; Zelnik-
Manor and Perona 2004), subspace clustering (Kailing,
Kriegel, and Kröger 2004; Liu et al. 2019; Zhang et al. 2015,
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Figure 1. Comparison of existing deep clustering methods.
The deep clustering paradigm gradually shifts from CNN-
based to ViT-based with a steady increase in performance.

2018; Xie et al. 2024), and concept factorization (Zhang
et al. 2019; Cai et al. 2009), most of which relied heav-
ily on prior assumptions about the data distribution. How-
ever, their performance decreases significantly when faced
with complex and high-dimensional image data. With the
emergence of deep learning, researchers began to incorpo-
rate deep learning into clustering objectives. Based on the
powerful feature extraction capabilities, deep learning im-
age clustering approaches can automatically and accurately
capture the structure and semantics within the data, exhibit-
ing outstanding clustering performance (Tsai, Li, and Zhu
2020; Vincent et al. 2010; Radford, Metz, and Chintala
2016; Zeiler et al. 2010; Kingma and Welling 2014; Xie,
Girshick, and Farhadi 2016; Chang et al. 2017; Wu et al.
2019; Qian 2023; Metaxas, Tzimiropoulos, and Patras 2023;
Wu et al. 2025; Wang et al. 2025). With the development
of Vision Transformers (ViT) (Dosovitskiy et al. 2021), the
paradigm of deep clustering is gradually shifting from tra-
ditional CNN-based methods to ViT-based approaches, as
illustrated in Fig. 1. Compared with convolutional neural
networks that capture local features through sliding convo-
lutional kernels, ViTs employ a self-attention mechanism,
which can effectively capture the global semantic informa-
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tion, thus obtaining higher-quality features and improving
clustering results. Due to the huge amount of parameters in
ViT, training ViT from scratch in an end-to-end manner re-
quires significant computational resources. As a result, ex-
isting ViT-based clustering methods, such as TSP (Zhou and
Zhang 2022), TEMI (Adaloglou et al. 2023), CPP (Chu et al.
2024), etc., typically rely on pre-trained vision encoders that
are completely frozen during training and introduce a train-
able projection head and clustering head to simultaneously
learn task-specific features and cluster assignments. Con-
sidering the limitation that relying solely on visual features
for training may incorrectly cluster visually similar but se-
mantically dissimilar samples together, recent methods like
SIC (Cai et al. 2023) and TAC (Li et al. 2024) have fur-
ther incorporated additional textual information from the
WordNet (Miller 1995) dictionary to assist in image clus-
tering tasks, successfully enhancing clustering performance.
However, this frozen-encoder approach introduces a fun-
damental bottleneck: it creates a mismatch between the
general-purpose, task-agnostic features of the pre-trained
model and the highly specific, discriminative representations
needed for the target clustering task. This inevitably caps the
model’s performance, regardless of how well the attached
clustering heads are trained. The key, therefore, is to find a
way to safely unlock and adapt the encoder to the specific
task without supervised labels.

To address this limitation, we propose a novel two-stage
framework, Self-Enhanced Image Clustering (SEIC), de-
signed to first align with the pre-trained knowledge and
then specialize the encoder for the task at hand. Our first
step is to build a strong foundational model without alter-
ing the powerful pre-trained encoder. We start by generat-
ing image-text feature pairs using knowledge from CLIP
and WordNet. Then, we train the clustering heads by enforc-
ing Cross-Modal Semantic Consistency at three distinct lev-
els: instance features, cluster assignments, and cluster cen-
ters. This multi-level alignment forces the heads to learn
representations that are consistent with the rich semantics
of the CLIP space. To strengthen this alignment, we intro-
duce a novel method for computing higher-quality cluster
centers based on assignment probabilities and a dynamic
balance regularizer that adapts to the sample learning sta-
tus to mitigate cluster collapse.Once the heads are well-
aligned, the model can produce reliable, high-confidence
pseudo-labels. In the second stage, we leverage this capa-
bility for Self-Enhancement. The high-quality pseudo-labels
serve as self-generated supervisory signals that feed back to
guide the fine-tuning process. Using efficient parallel LoRA
adapters (Hu et al. 2021), we jointly optimize the vision en-
coder and the clustering heads. This critical step allows the
encoder to move beyond its generic initialization and spe-
cialize its feature extraction capabilities for the specific data
distribution, thereby breaking the performance ceiling im-
posed by the frozen-encoder paradigm.

Overall, our contributions can be summarized as follows:
• We propose a novel two-stage ”align, then enhance”

framework (SEIC) that resolves the feature mismatch
problem in pre-trained models by first building a strong
foundational model and then specializing the encoder for

clustering.
• For the alignment stage, we enforce Cross-Modal Se-

mantic Consistency at multiple levels, supported by
a novel probability-weighted cluster center generation
method and a dynamic balancing regularizer.

• For the enhancement stage, we introduce a Self-
Enhanced Efficient Fine-tuning where the model uses its
own high-confidence predictions to feed back and effi-
ciently refine the vision encoder via LoRA.

• Extensive experiments on six benchmark datasets
demonstrate that SEIC significantly outperforms existing
state-of-the-art methods, even with smaller backbones.

Related Work
Pre-trained ViT Models
The success of deep clustering is increasingly tied to power-
ful pre-trained models. Self-supervised methods like MoCo-
v3 (Chen, Xie, and He 2021), MAE (He et al. 2022), and
DINO (Caron et al. 2021) learn robust visual representations
from images alone. More recently, vision-language models
such as CLIP (Radford et al. 2021) have shown remarkable
zero-shot capabilities by learning from massive image-text
pairs. Our work investigates how to effectively adapt the rich
knowledge from these models, particularly CLIP, for the un-
supervised clustering task.

However, the research on utilizing the knowledge of pre-
trained models to improve the image clustering task is still
in the exploratory stage. Therefore, in this paper, we propose
a self-enhanced framework based on the pre-trained model
with both image and text modalities to provide more insights
and solutions for this issue.

Deep Image Clustering
In the past, deep image clustering has primarily relied on
ResNet (He et al. 2016) as the backbone, enhancing its
performance through various optimization techniques. Re-
cently, the introduction of contrastive learning has signifi-
cantly advanced deep image clustering, with methods such
as (Li et al. 2021b; Zhong et al. 2021; Shen et al. 2021;
Li et al. 2022; Van Gansbeke et al. 2020; Li et al. 2021a;
Huang et al. 2022; Niu, Shan, and Wang 2022; Metaxas,
Tzimiropoulos, and Patras 2023; Qian 2023). Among them,
CC (Li et al. 2021b), GCC (Zhong et al. 2021), and TCL (Li
et al. 2022) utilize contrastive learning at both the in-
stance and cluster levels. CC and TCL create positive and
negative samples through data augmentation, while GCC
expands the selection of such samples through K-nearest
neighbors. PCL (Li et al. 2021a) and ProPos (Huang et al.
2022) focus solely on instance comparison, utilizing pro-
totype contrast to enrich the selection of positive samples.
Some methods based on pseudo-label have also been pro-
posed to further improve clustering model performance,
such as SCAN (Van Gansbeke et al. 2020) and SPICE (Niu,
Shan, and Wang 2022). SCAN introduces the self-labeling
method, further enhancing model performance by select-
ing high-confidence pseudo-labels from a trained clustering
model. SPICE employs semi-supervised training by fixing a
portion of pseudo-labels for model fine-tuning.
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Figure 2. The framework of our proposed SEIC method. (a) We first construct image-text feature pairs using the pre-trained
model CLIP and the dictionary WordNet. (b) Then, we perform cross-modal semantic consistency learning to achieve more
discriminative representations and accurate clustering assignments. (c) Finally, a self-enhanced fine-tuning strategy is proposed
to further improve the clustering performance.

Recently, several deep image clustering methods have
sought to advance clustering tasks by utilizing pre-trained
ViT models. TEMI (Adaloglou et al. 2023) employs
DINO (Caron et al. 2021) to reduce the distance between
images and their neighbors. TSP (Zhou and Zhang 2022)
undergoes training through self-distillation and is trained on
the necessary pre-trained model. SIC (Cai et al. 2023) and
TAC (Li et al. 2024) predominantly use the CLIP (Rad-
ford et al. 2021) pre-trained model, effectively leveraging
its characteristics by constructing text features. However, all
of these models freeze the encoders and train only the ap-
pended heads, limiting the model to task-agnostic features.
In our approach, we learn discriminative representations and
correct assignments by mining multi-level cross-modal se-
mantic consistency and propose a self-enhanced fine-tuning
strategy to jointly fine-tune encoder and head components.

Parameter-Efficient Fine-Tuning
Fine-tuning large models is computationally expensive.
PEFT methods, such as adapters (Houlsby et al. 2019) and
Low-Rank Adaptation (LoRA) (Hu et al. 2021), address this
by updating only a small number of parameters. While these
techniques are well-established in supervised learning, their
application in a fully unsupervised clustering scenario re-
mains less explored. Our work presents an effective way to
leverage LoRA for unsupervised encoder specialization.

Method
Problem Formulation and Overview of SEIC
Given N unlabeled images I = [I1, ..., IN ], deep cluster-
ing aims to group them into K different clusters, ensur-
ing that images of the same semantic labels are grouped

together as much as possible. As shown in Fig. 2, we de-
sign a self-enhanced framework SEIC for image clustering
based on image-text pairs with the help of the pre-trained
model CLIP (Radford et al. 2021). The model consists of vi-
sion and text pre-trained encoders and corresponding head
components. Specifically, the vision encoder fv and text en-
coder ft are able to transform the images as well as the
corresponding texts into features, leveraging the knowledge
of CLIP. The vision projection head gv and text projec-
tion head gt aim to project features into a space more suit-
able for clustering. The clustering heads cv and ct are used
for cluster assignment, i.e., mapping the projected image or
text feature to a K-dimensional probability vector pi that
satisfies

∑K
j=1 pij = 1, where pij denotes the probabil-

ity that the image Ii is assigned to the j-th cluster. Finally,
ri = argmax(pi) is the clustering result for image Ii.

The training process of SEIC includes two stages:
1) Alignment via Cross-Modal Semantic Consistency: We
first freeze the CLIP encoders and train only the head com-
ponents. The goal is to align the heads’ behavior with the
rich, latent semantic space of CLIP, thereby creating a strong
foundational clustering model.
2) Self-Enhancement for Encoder Specialization: With a
well-aligned model, we then proceed to fine-tune the vision
encoder fv itself. The model uses its own high-confidence
predictions to generate supervisory signals, which feed back
to specialize the encoder for the target dataset.

Alignment via Cross-Modal Semantic Consistency
In this stage, our objective is to learn high-quality projec-
tion and clustering heads by maximally extracting knowl-
edge from the frozen CLIP encoders. This process involves
generating cross-modal data and then enforcing consistency
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at multiple semantic levels.

Image-Text Pair Generation In the deep clustering task,
where image samples lack textual annotations, our goal is
to construct image-text pairs S = {vi, ti}Ni=1. Based on the
premise that nouns closer to an image in the shared feature
space better reflect its content, we utilize the WordNet dic-
tionary to generate textual information for each image.

Similar to TAC (Li et al. 2024), specifically, we first ex-
tract image features V = {vi}Ni=1 using the frozen vision
encoder fv . All nouns from WordNet are encoded into fea-
turesN using the text encoder ft. To manage computational
costs, we create a candidate noun subset N by selecting the
top k1 nearest noun features for each of the K initial image
cluster centers (obtained via K-means). Finally, for each im-
age feature vi, its corresponding text feature ti is constructed
as a weighted sum of its top-k2 most similar noun features
from N :

ti =

|N |∑
j=1

ŝijnj , (1)

where ŝij is non-zero only if nj is one of the top-k2 neigh-
bors of vi. This provides us with the image-text pairs {vi, ti}
needed for alignment.

Cross-Modal Semantic Consistency Learning With the
image-text pairs, we now align the heads by enforcing con-
sistency at the instance feature, cluster assignment, and clus-
ter center levels.

For instance feature level consistency, we treat the im-
age and text projected features obtained from the projec-
tion heads as positive pairs for contrastive learning. To
be specific, we first compute the projected features ṽi =
gv(vi), t̃i = gt(ti), based on which we construct the bidi-
rectional contrastive loss as follows:

L
(v→t)
ins = − 1

B

B∑
i=1

log
exp(⟨ṽi, t̃i⟩/τ)∑B
j=1 exp(⟨ṽi, t̃j⟩/τ)

, (2)

Lins = (L
(v→t)
ins + L

(t→v)
ins )/2, (3)

where τ is a trainable scaling factor and B is the batch
size. Lins is structurally similar to the loss proposed in
CLIP, which allows the projection heads to effectively align
with the distribution of image-text features learned by CLIP,
thereby generating more clustering-friendly features.

At the cluster assignment level, the clustering results from
the image and text clustering heads should also share con-
sistent distributions. Therefore, we first achieve the cluster
assignment probabilities under different modalities based on
the projected feature, i.e., pvi = cv(ṽi), pti = ct(t̃i). For each
column of pv and pt within a mini-batch, we treat them as a
positive pair and perform contrastive learning as follows:

L(v→t)
ass = − 1

K

K∑
i=1

log
exp(⟨p̈vi , p̈ti⟩/τ̂)∑K
j=1 exp(⟨p̈vi , p̈tj⟩/τ̂)

, (4)

Lass = (L(v→t)
ass + L(t→v)

ass )/2, (5)

where p̈vi represents the i-th column of pv , and τ̂ is a fixed
temperature coefficient. This loss encourages the clustering
heads to produce more accurate cluster assignments.

Considering that we only explore feature consistency at
the instance level, which ignores potential category informa-
tion between samples, we further extend our approach to in-
corporate cluster center-level consistency. It ensures that the
centers sharing the same category across different modalities
are maximally proximate in feature space, while those of dif-
ferent categories are significantly distanced apart. To achieve
more accurate cluster centers, we propose a novel generation
method. Unlike the conventional approach of directly taking
the mean of all sample features within a cluster as the cen-
ter (Li et al. 2021a; Huang et al. 2022), we construct the cen-
ter based on the contribution of samples to this cluster, which
is reflected by clustering predicted probability. Specifically,
each cluster center is formed by the weighted sum of projec-
tion features from samples belonging to this center based on
their contribution degree, calculated by:

µv
k =

B∑
i=1

1(argmax(pvi ) = k) · p̄vik · ṽi, (6)

µt
k =

B∑
i=1

1(argmax(pti) = k) · p̄tik · t̃i, (7)

where 1 is the indicator function and p̄i is the L1-normalized
version of the probability vector pi. We then treat the clus-
ter centers of the same category under the image and text
modalities as a positive pair and bring them closer in the
feature space:

L
(v→t)
ctr = − 1

K

K∑
i=1

log
exp(⟨µv

i , µ
t
i⟩/τ̂)∑K

j=1 exp(⟨µv
i , µ

t
j⟩/τ̂)

. (8)

Lctr = (L
(v→t)
ctr + L

(t→v)
ctr )/2. (9)

Compared with the traditional PCL (Li et al. 2021a) and Pro-
Pos (Huang et al. 2022) methods, our proposed construction
method can weigh samples within a batch based on their
proximity to these centers. We facilitate the emergence of
high-quality cluster centers.

Stabilizing Alignment with Dynamic Balancing To pre-
vent the trivial solution of assigning all samples to a few
clusters, we introduce a dynamic balancing regularizer. In-
stead of a static entropy loss, our term adapts to the model’s
learning state. We track the historical assignment distribu-
tion h for the image modality via an exponential moving
average (EMA): h← m · h+ (1−m) ·Hist(argmax(pv)).
The balance loss is then defined as:

Lbal =
K∑
j=1

bvj log(b
v
j ) + btj log(b

t
j)

hj
, (10)

where bmj is the average predicted probability for cluster j
in the current batch for modality m ∈ {v, t}. This dynam-
ically up-weights the penalty for under-populated clusters,
encouraging a more uniform assignment.

The final objective for the alignment stage is a weighted
sum of these components:

Lalign = αLins + βLass + γLctr + δLbal. (11)
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Dataset CIFAR-10 CIFAR-100 STL-10 ImageNet-10 ImageNet-Dogs Tiny-ImageNet
Method Backbone NMI ACC ARI NMI ACC ARI NMI ACC ARI NMI ACC ARI NMI ACC ARI NMI ACC ARI
K-means - 0.087 0.229 0.049 0.084 0.130 0.028 0.125 0.192 0.061 0.119 0.241 0.057 0.055 0.105 0.020 0.065 0.025 0.005
SCAN ResNet-18 0.797 0.883 0.772 0.486 0.507 0.333 0.698 0.809 0.646 - - - - - - - - -
GCC ResNet-18 0.764 0.856 0.728 0.472 0.472 0.305 0.684 0.788 0.631 0.842 0.901 0.822 0.490 0.526 0.322 0.347 0.138 0.075

ProPos ResNet-18 0.853 0.921 0.844 0.572 0.573 0.417 - - - - - - - - - 0.405 0.256 0.143
ProPos ResNet-34 0.886 0.943 0.884 0.606 0.614 0.451 0.758 0.867 0.737 0.896 0.956 0.906 0.692 0.745 0.627 - - -
TCL ResNet-34 0.819 0.887 0.780 0.529 0.531 0.357 0.799 0.868 0.757 0.875 0.895 0.837 0.623 0.644 0.516 - - -
TCC ResNet-34 0.790 0.906 0.733 0.479 0.491 0.312 0.732 0.814 0.689 0.848 0.897 0.825 0.554 0.595 0.417 - - -
TSP DINO ViT-S/16 0.847 0.921 0.838 0.582 0.549 0.408 0.941 0.970 0.938 - - - - - - - - -
TSP DINO ViT-B/16 0.880 0.940 0.875 0.614 0.556 0.433 0.958 0.979 0.956 - - - - - - - - -
SIC CLIP ViT-B/32 0.847 0.926 0.844 0.593 0.583 0.439 0.953 0.981 0.959 0.970 0.982 0.961 0.690 0.697 0.558 - - -

TEMI DINO ViT-B/16 0.886 0.945 0.885 0.654 0.632 0.489 0.965 0.985 0.968 - - - - - - - - -
TEMI CLIP ViT-L/14 0.926 0.969 0.932 0.645 0.618 0.468 0.964 0.974 0.949 - - - - - - - - -
CPP CLIP ViT-L/14 0.936 0.974 - 0.725 0.642 - - - - - - - - - - - - -
TAC CLIP ViT-B/32 0.841 0.923 0.839 0.611 0.607 0.448 0.955 0.982 0.961 0.985 0.992 0.983 0.806 0.830 0.722 - - -
CLIP CLIP ViT-B/32 0.703 0.742 0.616 0.499 0.455 0.283 0.917 0.943 0.891 0.969 0.982 0.961 0.398 0.381 0.201 0.543 0.373 0.219

SEIC (Ours) CLIP ViT-B/32 0.938 0.976 0.947 0.691 0.685 0.554 0.963 0.987 0.970 0.988 0.996 0.991 0.846 0.889 0.817 0.701 0.598 0.472
SEIC (Ours) CLIP ViT-B/16 0.945 0.978 0.952 0.732 0.715 0.598 0.980 0.993 0.985 0.992 0.997 0.994 0.886 0.910 0.858 0.730 0.644 0.523

Table 1. Clustering results of various methods on six widely-used datasets. The best and second-best results are shown in bold
and underline, respectively.

Self-Enhanced Efficient Fine-tuning
The alignment stage yields high-quality clustering heads,
but the vision encoder remains generic. To break this per-
formance ceiling, we now unfreeze the vision encoder and
specialize it for the target dataset.

A naive approach would be to continue training with
Lalign. However, this fails because the text features {ti} are
static, pre-computed by the frozen text encoder. As the vi-
sion encoder fv updates, its features vi will drift, breaking
the semantic correspondence with the fixed ti and leading
to performance collapse. We need a new supervisory signal
that relies only on the visual modality.

The well-aligned model from Stage 1 is now a confident
”teacher” capable of generating reliable pseudo-labels for it-
self. We use these pseudo-labels to create a self-supervision
loss. To handle potential noise in the pseudo-labels, we
adopt a confidence-based weighting strategy inspired by
SoftMatch (Chen et al. 2023). A sample’s contribution to
the loss is weighted by its prediction confidence, measured
by a truncated Gaussian function:

wi =

{
exp

(
− (max(pv

i )−µt)
2

2σ2
t

)
, if max(pvi ) < µt,

1, otherwise,
(12)

where µt and σ2
t are the moving average of the mean and

variance of the maximum prediction probabilities, respec-
tively. The self-enhancement loss is then a weighted cross-
entropy:

Lself =
1

B

B∑
i=1

wi ·H(qvi , argmax(pvi )), (13)

where H is the cross-entropy loss, qvi is the prediction for
an augmented view of image Ii, and argmax(pvi ) is the
pseudo-label from the original view.

To fine-tune the vision encoder efficiently and prevent
catastrophic forgetting, we integrate lightweight Low-Rank
Adaptation (LoRA) (Hu et al. 2021) adapters into the Q
and V matrices of its self-attention blocks. The final op-
timization in this stage jointly trains the LoRA parameters

in fv along with the vision heads (gv, cv) using Lself . This
self-enhancement process allows the encoder to learn task-
specific features, leading to a significant performance boost.

Experiments
Compared Methods
We compared traditional clustering methods and deep im-
age clustering methods using backbones of various sizes.
The baseline methods include K-means (Neyman and Scott
1967), SCAN (Van Gansbeke et al. 2020), GCC (Zhong
et al. 2021), ProPos (Huang et al. 2022), TCL (Li et al.
2022), TCC (Shen et al. 2021), TSP (Zhou and Zhang
2022), SIC (Cai et al. 2023), TEMI (Adaloglou et al. 2023),
CPP (Chu et al. 2024), and TAC (Li et al. 2024), all of
which utilize ResNet-18, ResNet-34, ViT-S/16, ViT-B/32,
ViT-B/16 and ViT-L/14 as backbone. For CLIP, performance
is evaluated by directly applying K-means clustering on the
extracted image features.

Main Results
To validate the effectiveness of SEIC, we conducted exten-
sive comparisons with state-of-the-art methods across all six
datasets. The main results are presented in Table 1. Our
method consistently outperforms existing approaches across
all metrics and backbones. For instance, on CIFAR-100, our
ViT-B/16 model achieves an ACC of 71.5%, surpassing the
DINO-based TEMI (63.2%) and even the larger ViT-L/14-
based CPP (64.2%) by a significant margin. This highlights
the effectiveness of our ”align, then enhance” strategy.

Table 2 further details the performance across different
backbone sizes, demonstrating the consistent advantage of
our two-stage approach. The full SEIC model substantially
improves upon its Stage 1 variant (SEIC†), confirming the
benefits of the self-enhancement stage. Notably, our SEIC†

(Stage 1 only) is already competitive with, or superior to,
strong baselines like TAC. In terms of efficiency, on an RTX
3090, the alignment stage for CIFAR-100 takes only 5 min-
utes, and the self-enhancement stage takes approximately 2
hours.
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Method Backbone CIFAR-100 ImageNet-Dogs
SIC CLIP ViT-B/32 0.583 0.697
TAC CLIP ViT-B/32 0.607 0.830

SEIC (ours)† CLIP ViT-B/32 0.608 0.833
SEIC (ours) CLIP ViT-B/32 0.685 0.889

TAC CLIP ViT-B/16 - 0.857
TEMI DINO ViT-B/16 0.632 -

SEIC (ours)† CLIP ViT-B/16 0.644 0.869
SEIC (ours) CLIP ViT-B/16 0.715 0.910

TEMI CLIP ViT-L/14 0.618 -
CPP CLIP ViT-L/14 0.642 -

SEIC (ours)† CLIP ViT-L/14 0.698 0.893

Table 2. The results of different backbones. Metric: ACC. †
indicates that the self-enhanced efficient fine-tuning strategy
is not used.

Lins Lass Lctr CIFAR-100 Tiny-ImageNet
0.082 0.030

✓ 0.403 0.463
✓ 0.604 0.024

✓ 0.190 0.138
✓ ✓ 0.637 0.536

✓ ✓ 0.541 0.486
✓ ✓ 0.631 0.287
✓ ✓ ✓ 0.644 0.561

Table 3. Effectiveness of individual components. Backbone:
ViT-B/16. Metric: ACC.

Ablation Study

In this section, we dissect the contributions of the key com-
ponents within our framework. Unless otherwise specified,
these experiments are conducted using the Stage 1 model to
isolate the effects of the alignment components.

Effectiveness of Individual Components As shown in
Table 3, we evaluated the effect of different levels of se-
mantic consistency on clustering performance. It can be ob-
served that the removal of any component (especially for
cluster assignment and the cluster center level) results in
a significant performance decrease. In addition, different
datasets exhibit varying gains from different losses. For ex-
ample, omitting the center-level consistency loss leads to
a 28% performance drop on Tiny-ImageNet while only a
1% drop on CIFAR-100, which demonstrates that the clus-
ter center level consistency is crucial for performance im-
provement, particularly in scenarios with a high number of
categories.

Effectiveness of Balance Regularization Term We also
explored the effectiveness of our proposed new balance reg-
ularization term. The results are presented in Table 4. We can
see that our designed regularization term can bring 7% per-
formance improvement compared to the old one. Addition-
ally, as shown in Fig. 4, we visually illustrated the dynamic
changes in the standard deviation of the distribution of gen-
erated pseudo-labels during the training process to highlight
that our proposed balance term could produce more uni-
formly distributed pseudo-labels, thus further mitigating the
clustering collapse issues.

Method Tiny-ImageNet
SEIC (ours) w/o balance term 0.390

SEIC (ours) w/ original balance term 0.490
SEIC (ours) 0.561

Table 4. Effectiveness of balance regularization term. Back-
bone: ViT-B/16. Metric: ACC.

Method CIFAR-100 Tiny-ImageNet
Mean strategy 0.561 0.438
SEIC (ours) 0.644 0.561

Table 5. Effectiveness of center generation. Backbone: ViT-
B/16. Metric: ACC.

Effectiveness of Center Generation In order to verify the
effectiveness of our designed method of constructing cluster
centers, we compared it with the traditional way, i.e., taking
the mean of the sample features within the clusters as the
center. The comparison results are shown in Table 5. In con-
trast to the traditional way, our proposed weight-based con-
struction method shows significant advantages, especially
on Tiny-ImageNet, where the gap reaches 12.3%, which
strongly demonstrates that our method enables the genera-
tion of more precise and reasonable centers.

Parameter Sensitivity Analysis
Parameters in Image-Text Pairs Generation Stage We
primarily focused on the ablation of k1 and k2, which sig-
nificantly impact the quality of the generated text features.
We can see from Fig. 3 (a) and (b) that setting k1 and k2 too
large or small will reduce the clustering performance. Intu-
itively, when k1 or k2 is too small, there are too few noun
features used to construct the text feature, resulting in less
rich semantic information in the generated features. Con-
versely, if k1 or k2 is overlarge, it will introduce too many
irrelevant nouns, thus lowering the quality of the generated
text feature. We adopted a configuration that performs well
across all datasets, with k1 = 200 and k2 = 50, ensuring the
presence of both rich nouns and high-quality text features.

Loss Weights in Cross-Modal Semantic Consistency
Learning Stage We also performed sensitivity analysis on
the loss weights α, β, γ and δ, which are involved in cross-
modal semantic consistency learning loss, to prove the ro-
bustness of our method, as shown in Fig. 3 (c), (d), (e), and
(f), respectively. It can be found that the performance of our
proposed method is stable on Tiny-ImageNet when all loss
weights vary from 0.1 to 5. On the CIFAR-100, our method
is also insensitive to all weights over specific intervals, such
as α varying between {0.1, 0.5, 1}.

Analysis of the Self-Enhanced Efficient Fine-tuning
To better understand our proposed self-enhanced efficient
fine-tuning strategy, we demonstrated the impact of different
LoRA adapter settings on the clustering results and reveal
the beneficial effects of different losses for self-enhanced
learning on the clustering performance.
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(a) Influence of k1.
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(b) Influence of k2.
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(c) Influence of α .
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(d) Influence of β .
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(e) Influence of γ.
0.01 0.1 0.5 2 5

0.45

0.50

0.55

0.60

0.65

0.70

A
cc

ur
ac

y

Tiny-ImageNet
CIFAR-100

(f) Influence of δ.

Figure 3. Parameter Sensitivity Analysis. Backbone: ViT-B/16. Metric: ACC.
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Figure 4. Dynamic changes in the standard deviation of the
distribution of generated pseudo-labels during the training
process. A lower standard deviation indicates a more bal-
anced assignment distribution.

Self-Enhanced Learning Losses Table 6 compares dif-
ferent loss functions for the self-enhancement stage. As
hypothesized in our method section, continuing to fine-
tune with the original alignment loss (Lalign) causes a
performance collapse (24.7% ACC). This is because the
vision encoder’s features drift away from the static, pre-
computed text features. In contrast, using a self-supervisory
signal based on pseudo-labels is highly effective. Both Fix-
Match (Sohn et al. 2020) and our proposed confidence-
weighted loss (Lself ) yield strong results. Our Lself

performs best, demonstrating the benefit of dynamically
weighting samples based on prediction confidence.

Self-Enhanced Learning Loss CIFAR-100
Original Loss 0.247

Supervised CrossEntropy loss 0.664
FixMatch Loss 0.704

Self-Enhanced Loss 0.715

Table 6. Effectiveness of self-enhanced learning loss.
Dataset: CIFAR-100. Backbone: ViT-B/16. Metric: ACC.

Conclusion
In this paper, we introduced SEIC, a self-enhanced frame-
work that significantly improves deep image clustering by
addressing the critical feature mismatch problem inherent in
frozen pre-trained models. Our two-stage ”align, then en-
hance” approach first establishes a robust baseline by align-
ing clustering heads with CLIP’s rich semantics through
multi-level cross-modal consistency. This alignment is fur-
ther strengthened by our novel probability-weighted cluster
center generation mechanism and a dynamic balancing reg-
ularizer, which collectively enhance representation stability.
Subsequently, the model iteratively feeds back its own high-
confidence predictions to efficiently fine-tune the vision en-
coder, thereby adapting it more precisely to the specific clus-
tering task. Extensive experiments validated that SEIC sets
a new state-of-the-art on six challenging benchmarks, con-
sistently and often by a significant margin. As a limitation,
our reliance on explicit textual semantics may hinder per-
formance in language-limited domains like medical imag-
ing. Future work could explore generating pseudo-textual
cues or developing non-language-based adaptation methods
to extend our framework’s applicability to a wider range of
real-world scenarios.
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