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Introduction
Deep clustering has achieved significant success, 
with recent large model-assisted approaches 
representing a paradigm shift by leveraging rich 
prior knowledge. However, these methods face 
major hurdles in fine-grained tasks. Generalist large 
models are pre-trained on coarse data with high 
inter-class and low intra-class variance, failing to 
capture subtle semantic differences under the 
opposite properties of fine-grained data. Additionally, 
existing fine-tuned models rely on unavailable 
supervised labels and require a pre-specified cluster 
number, which is impractical for real-world 
exploration. To address these dual challenges, this 
paper introduces a novel framework that 
dynamically infers categories through a unified 
Bayesian learning procedure. First, a low-rank 
guided Vision-Language Model transforms 
optimization into a top-k selection task to narrow 
intra-class variance. Second, perturbation-
enhanced instance contrast and global orthogonality 
guidance amplify inter-class separation among 
cluster centers. Finally, integrating these with the 
Dirichlet process allows the framework to jointly 
infer cluster assignments and category numbers, 
significantly outperforming state-of-the-art 
approaches.

Experiments & Visualization Results

Methods and Materials
Ø Low-Rank Guided VLM
Ø A top-k selection task guides student 

predictions toward sparse targets, achieving 
tight intra-cluster compactness.  Orthogonal 
and Perturbation Guidance

Ø Noise perturbation and center orthogonality 
constraints amplify global inter-class 
separation.  DPMM Variational Inference

Ø A Dirichlet process dynamically infers optimal 
category numbers while simultaneously 
estimating cluster assignments. y.

Contributions & Conclusions

A VLM-driven framework using low-rank guidance 
for unsupervised fine-grained clustering Top-k 
selection task implements a differentiable proxy for 
intra-cluster compactness Perturbation and global 
center orthogonality loss amplify inter-cluster 
feature separability Dirichlet Process Mixture Model 
dynamically infers optimal cluster numbers via 
variational inference State-of-the-art performance 
across multiple standard datasets in realistic 
unknown cluster scenarios



Introduction

ØDeep clustering forms a cornerstone of 

unsupervised end-to-end representation 

learning

ØLarge model-assisted clustering leverages 

rich priors but struggles with fine-grained 

tasks

ØCoarse-grained pre-training fails to capture 

subtle fine-grained intra-class variations

ØExisting approaches rely on supervised 

labels and impractical pre-specified cluster 

numbers



Methodology

• Low-Rank Guidance

• Orthogonal Guidance

• DPMM Variational Inference

Three core modules



Experiments:Main Results
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Conclusion


