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Multiple clustering is based on the observation that a dataset can often be partitioned in
more than one meaningful way (for example by color or by shape). However, most existing
deep methods still optimize a single partition or produce several partitions without making
clear which underlying factors they capture, and they often separate representation learning
from the clustering objective. This can lead to results that do not match the aspects users
care about. This dissertation proposes a user-preference guided framework for deep multiple
clustering that aims to obtain partitions that are both diverse and aligned with user interests,
and is organized into four contributions that start from data-driven ways of identifying
relevant factors and progress to methods that explicitly incorporate user intent and practical
system considerations.

The first contribution, AugDMC, uses targeted data augmentations as aspect selectors
together with a self-supervised, prototype-based objective with stabilization, to learn rep-
resentations that preserve distinct factors of variation and support multiple interpretable
partitions without manual feature engineering. The second contribution, DDMC, introduces
dual-level disentanglement tailored to clustering: a variational EM procedure links coarse
and fine grained factor discovery (E-step) with a clustering-aware objective (M-step), nar-
rowing the gap between learning “good features” and obtaining “good partitions”. The third

contribution, Multi-MaP, aligns frozen CLIP encoders with a user’s high-level concept by



introducing learnable textual proxies and constraining them with concept-level and LLM-
derived reference-word signals. Building on this, the fourth contribution, Multi-Sub, is a
framework for concept conditioned subspace proxies. It first builds a low dimensional sub-
space that is guided by text, using reference words suggested by an LLM, and then learns
a proxy for each image inside this subspace. Representation learning and clustering are op-
timized together, so the method no longer needs contrastive concepts specified by the user
and it also avoids the extra cost of a two stage pipeline.

On publicly available visual multiple-clustering benchmarks such as ALOI, Stanford Cars,
CMUface, Flowers, Fruit/Fruit360, and Cards, these methods consistently improve NMI and
RI and yield partitions that better reflect user intent, with ablation studies validating each
design choice. Taken together, the results illustrate how incorporating user preferences,
structuring the representation space, and jointly optimizing representations and clusters can

make multiple clustering systems better aligned with users’ actual goals in practice.
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Chapter 1

INTRODUCTION

Clustering, which groups data points based on their similarities, has been extensively
researched in the fields of data mining and machine learning, since huge amounts of unlabeled
data are becoming more and more available. Traditional clustering algorithms, such as k-
means [99], spectral clustering [108], DBSCAN [35], and Gaussian mixture model [14], group
data into distinct collections with handcrafted features. However, these features are designed
for general purposes and unsuitable for specific tasks. With the development of deep learning,
deep clustering algorithms [160, 116, 48, 56, 130, 135] adopt Deep Neural Networks (DNNs)
to perform clustering, showing dramatic performance improvement in different applications
such as bioinformatics with representation learning [61, 113], computer vision [115, 2], speech

processing [7, 144], and text mining [98, 4].

G C* for Color ‘C%G G G

@A —. @ a a
G G C2 for Shape GG Q A

00 ¢¢ AA

Figure 1.1: An example of multiple clustering. Multiple clustering methods can reveal two or more

distinct clusterings (i.e., C! for color and C? for shape).



1.1 Background

Most clustering algorithms produce a single partition of data [99]. However, in real appli-
cations, there might have different orthogonal ways to partition a given dataset [182]. For
example, as shown in Fig. 1.1, the geometric figures have two orthogonal ways of data parti-
tions: color and shape. To address this problem, some researchers propose multiple clustering
algorithms that aim to find more than one way to partition a given dataset, where different
ways can be used for different application purposes [69]. The multiple clustering algorithms
can be roughly categorized into shallow and deep models. For shallow models, some of these
methods use constraints to generate alternative clusterings. For example, COALA [8] treats
objects within an established clustering as constraints for generating an alternative cluster-
ing. Qi et al. [117] regard multiple clustering as a constrained optimization problem to obtain
alternative clustering. Some other ones rely on different feature subspaces, e.g., [70] proved
the relation between Laplacian eigengap and stability of clustering, and discovered multi-
ple clusterings via maximizing the eigengap within different feature subspaces. Recently,
some researchers leverage deep learning to generate multiple clusterings and achieve better
results. Wei et al. [153] proposed a deep matrix factorization based method to discover
multiple clusterings using multi-view data. ENRC [102] exploits an autoencoder to learn
the object features and generates multiple clustering via optimizing a clustering objective
function and iMClusts [124] makes use of autoencoders and multi-head attention to generate

multiple clusterings.

1.2 DMotivation

Although existing multiple clustering methods have achieved very promising results in pro-
ducing various features for clusterings, not all of these features may be relevant or interesting
to the users. We are thus interested in user-guided multiple clustering, where the partitions
should be both interpretable and aligned with the user’s needs, rather than only numerically

accurate. Here, user-guided multiple clustering refers to settings where the user provides



high-level semantic preferences (e.g., “color”, “species”, “pose”) or brief textual descrip-
tions, and the algorithm learns representations and partitions that are explicitly aligned

with these intents rather than exploring diverse clusterings in a purely unsupervised way.

However, a key problem for user-guided multiple clustering is how to find and select the
features that match the users’ preferences. In this dissertation, we view this as an effective
feature-learning problem: we seek representations that capture diverse but relevant aspects
of the data and can be steered by a given preference. This dissertation studies how to design
user-guided deep multiple clustering algorithms from the perspective of effective feature
learning. In this dissertation, we primarily instantiate and evaluate our methods on visual
(image) datasets, while the underlying methodologies are general and can be extended to
other data modalities and application domains in future work. Concretely, we consider the

following three scenarios.

Scenario I: Capture users’ interest by perturbing data Existing methods all input
the original images into the algorithm and directly obtain the multiple features of the data
from the original images. However, a very promising scenario is: can we perturb the data
before it is fed into the model, so that the model can better capture the multiple features
from the data? For example, the images of fruit in Fig. 1.2 have two main concepts: color
and species. If a user wants to obtain the feature w.r.t. species, the user can perturb the
color of these data. Therefore, the features of data color will be disrupted, and the features

of species will be easier to capture.

Data augmentation [143] has been widely used to improve the generalization performance
of models, which also provides an effective way to perturb the images. However, its potential
to capture diverse aspects of the data for multiple clustering purposes has been largely
overlooked. In this scenario, we use different types of data augmentation to preserve different

aspects of the images and then generate clusterings that follow the user’s preferred aspect.
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Figure 1.2: An example of data augmentation.

Scenario II: Learning different aspects of features end to end to capture users’
interests Although the scenario I can more effectively capture users’ interests for multiple
clustering, it still follows a common paradigm of multiple clustering: most existing methods
first obtain feature representations that maximize the dissimilarity among different cluster-
ings, and the learned representations are directly fed to standard clustering methods, e.g.,
k-means, to produce the final multiple clustering outcomes. However, merely controlling
the dissimilarity of representations cannot directly capture the diversity features, but may
instead result in too much noise in the learned representations. Also, the learned representa-
tions are often not explicitly optimized for clustering. Therefore, how to effectively separate
different features from data and generate corresponding multiple embeddings for clustering

is the main challenge in multiple clustering.

Disentangled representation learning [86, 194, 50, 63, 12, 29] offers a natural way to learn
separate factors of variation and is therefore a good fit for multiple clustering. Disentangled
representation learning aims to learn factorized representations that can discover and isolate
the latent factors in data. Such factorized representations can support diverse clusterings:
disentangled representation learning separates latent factors and assigns them to different
latent variables in the representation space [65, 194], so that, for example, the latent vari-
able for shape varies only with the object’s shape but not with other factors. Since both
disentangled representation learning and multiple clustering seek to represent latent factors

separately, it is natural to combine them.



Scenario III: Generating user-specific clusterings In practice, however, users rarely
need all clusterings produced by an algorithm. Inspecting each clustering and deciding
which ones are useful can be time-consuming, so a more practical goal is to generate only
those clusterings that match a given user preference. However, since the dataset usually only
contains image information, and the users’ interests are text information, traditional multiple
clustering methods have difficulty establishing a connection between these data. Thus, the
existing methods cannot directly generate clusters based on the users’ interests. Besides, it
is hard to choose the right clustering without knowing what each result means. These issues
make it difficult to generate multiple clusterings that truly match users’ interests.

Users typically express their interests through concise keywords (e.g., color or species),
and aligning these with different visual components precisely is challenging. Fortunately,
multi-modal and large language models have made it easier to bridge this gap. Multi-modal
models such as CLIP [121], which jointly model images and text, provide a natural tool
for this scenario. In this dissertation we ask whether such models can be used to uncover

different aspects of images and to drive user-specific multiple clusterings.

1.3 Contributions

This dissertation studies user-preference-guided representation learning for deep multiple
clustering. We focus on three ideas: (i) using data perturbations to reveal complementary
factors, (ii) combining disentanglement with clustering-aware training, and (iii) conditioning
vision models on natural-language preferences. Based on these ideas, we develop four meth-
ods, ranging from unsupervised discovery of salient aspects to explicitly user-conditioned

clustering. Our main contributions are:

e Data Augmentation Guided Deep Multiple Clustering. We propose AugDMC,
which uses data augmentation to learn image representations for multiple clustering.
AugDMC applies different augmentations that preserve different aspects of the data

and learns prototype-based representations in a self-supervised way, so that each aug-



mentation emphasizes a specific aspect. We further introduce a simple stabilization
strategy to handle the optimization difficulties caused by heterogeneous augmentations.
Using the learned representations, we obtain multiple clusterings that correspond to

different aspects of the data.

Dual-disentangled Deep Multiple Clustering. We propose DDMC, which learns
disentangled representations for multiple clusterings within a variational Expecta-
tion-Maximization (EM) framework. In the E-step, a disentanglement module learns
coarse-grained and fine-grained latent factors from the data. In the M-step, a cluster-
ing module updates cluster assignments by optimizing a clustering objective. DDMC
alternates between these two steps to jointly refine the latent factors and the cluster

assignments.

Multi-Modal Proxy Learning Towards Personalized Visual Multiple Clus-
tering. We propose Multi-MaP, which uses multi-modal proxy learning to obtain
multiple clusterings. Multi-MaP uses CLIP encoders to extract text and image em-
beddings, and GPT-4 to turn a user’s keyword into a short textual context. We then
design reference-word and concept-level constraints to learn a text proxy that reflects
the user’s interest. This proxy allows Multi-MaP to capture the requested aspect and

to identify the clusterings that are most relevant to it.

Customized Multiple Clustering via Multi-Modal Subspace Proxy Learning.
We propose Multi-Sub, an end-to-end framework that turns a user’s high-level textual
preference into a task-specific subspace for clustering. The method obtains reference
words from a large language model and treats them as bases of this subspace. For each
image, it learns a proxy-word embedding as a weighted combination of these bases
and aligns it with the image embedding using a partially trainable CLIP image head.
Multi-Sub alternates proxy learning with a clustering objective, jointly optimizing the

representations and the cluster assignments to produce user-specific partitions.
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Chapter 2

RELATED WORK

2.1 Definitions and Preliminaries

Let X = {x1,Xs,...,Xy} be a dataset with N instances, where each instance x; € R? is
represented by a d-dimensional feature vector. Unlike traditional single-partition clustering,
which seeks a single partition of X into K clusters, multiple clustering aims to generate
multiple distinct yet valid partitions of the same dataset. Formally, let C®?) = {Cfp ), e ,C%z}
denote the p-th clustering solution (or partition), where C](-p ) is the j-th cluster in the p-
th partition, and p € {1,..., M} indexes the total number of clustering solutions to be
produced. Each partition C'®?) should satisfy common clustering properties, such as non-
overlapping clusters (i.e., Cj(p) N C](f’) = @ for j # j') and covering the entire dataset (i.e.,
Uiz P = X).

A key challenge in multiple clustering is the requirement of diversity among the solutions.
This means that the partitions C®) and C'@ (for p # ¢) should provide complementary or
alternative groupings rather than near-duplicates of each other. The exact criterion for mea-
suring diversity may vary across different methods (e.g., mutual information, orthogonality
of cluster indicators, or other divergence measures). By generating multiple clustering so-
lutions that highlight different structural patterns, practitioners can explore the data from

various perspectives and gain deeper insights into the underlying distributions.

Non-Deep Learning Baselines. A common starting point for generating multiple clus-
terings is to vary the initialization of K-means [20], although these solutions often lack
substantial diversity. To address this limitation, AKM?*C [71] and Nr-Kmeans [100] intro-

duce additional constraints or diversification strategies, ensuring that each partition offers



distinct insights.

Another line of work applies spectral clustering [111], which manipulates the affinity
matrix or eigenvector selection to produce alternative solutions in a low-dimensional spectral
space. By contrast, density-based methods, such as DBSCAN [37], vary density thresholds
to capture multiple partitions with differing granularities and shapes [107].

While effective in certain scenarios, these baselines often rely on shallow or hand-crafted
features, limiting their ability to handle high-dimensional and complex data. Consequently,
the following sections pivot toward deep learning-based paradigms, which learn robust feature

representations to uncover richer and more flexible multiple clustering solutions.

2.2 Single Clustering

2.2.1 Shallow models

Over the past decades, a large number of clustering methods with shallow models have been
proposed [75]. Some methods are based on density, DBSCAN [35] is a clustering method
relying on a density-based notion of clusters that is designed to discover clusters of arbitrary
shape. BMSC [126] is a nonparametric clustering method that overcomes the limitations
of the mean shift problem. Some researchers leverage ensemble to achieve better cluster
results [125]. For example, Strehl and Ghosh [136] studied the cluster ensemble problem and
provided a mutual information-based method to solve it. These shallow models are effective
only when the features are representative, while their performance on complex data is usually

limited due to the poor power of feature learning.

2.2.2  Deep models

Deep clustering aims at effectively extracting more clustering-friendly features from data and
performing clustering with learned features simultaneously. Yang et al. [168] proposed a joint
unsupervised learning method named JULE, which applies agglomerative clustering magic

to train the feature extractor. Chang et al. [25] proposed deep adaptive image clustering
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(DAC) to tackle the combination of feature learning and clustering. Zhong et al. [191]
introduced deep robust clustering (DRC), where two contrastive loss terms are introduced
to decrease intra-class variance and increase inter-class variance. Cao et al. [21] proposed a
simple, scalable, and stable variational deep clustering algorithm, which introduces generic
improvements for variational deep clustering. ClusterFormer [92] is a universal vision model
that is based on the clustering paradigm with Transformer, which uses the updated cluster
centers to redistribute image features through similarity-based metrics. Gray et al. [54]
offered a new perspective on the well established agglomerative clustering algorithm, focusing

on recovery of hierarchical structure.
2.3 Multiple Clustering

2.3.1 Deep Representation Learning-based

Unlike traditional clustering techniques that operate directly in the original feature space,
deep representation learning-based approaches first embed data into a latent space (often
lower-dimensional). By learning more expressive representations, these methods can disen-
tangle complex data structures and produce multiple clustering solutions with higher fidelity

and diversity.

Representation Forms. A large class of deep clustering methods utilizes autoencoders [141]
to learn compact, non-linear embeddings. Concretely, an encoder z; = Eg,(X;), and a de-
coder X; = Dy, (z;) are jointly trained to minimize a reconstruction loss, S0 | [|x; — ;|-
Deep Embedded Clustering (DEC) [160] and its improved variants [58] demonstrate that
such an embedding can greatly facilitate downstream clustering. While early methods pro-
duce only a single solution, more recent extensions incorporate diversity regularizers in a
multi-head or multi-branch structure [178, 91] to yield multiple distinct partitions.

Beyond autoencoders, low-order tensor factorization has also been explored to facilitate
multiple clustering by modeling higher-order correlations among heterogeneous data. Zhao

et al. [189] proposed TMC; a flexible framework that represents cyber-physical-social systems
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as low-order tensors and introduces a weight tensor construction approach to measure the
importance of various attribute combinations. A selective weighted tensor distance is then
utilized to cluster tensorized objects according to different application needs, yielding high-
quality partitions with minimal redundancy.

Graph neural networks (GNNs) provide another powerful representation when relational
or structural links are available. Let A be a graph adjacency matrix. A GNN layer can be

viewed as

HD — a<2& H(")W“)), (2.1)

where A is a normalized version of A, H® is the node embedding at layer ¢, and o denotes
a non-linear activation. Multiple partition heads or variable hyperparameters in GNN-based
approaches can then induce diverse clustering solutions that leverage the underlying topo-

logical structure [170, 171].

Subspace-Based Approaches Rather than producing a single unified embedding, subspace-
based methods discover multiple low-dimensional subspaces, each corresponding to a distinct
partitioning scheme. This is particularly beneficial when different clustering solutions are
embedded in different manifolds or subspace structures. Formally, one might learn subspace
projections W, € R for p € {1,..., M}, mapping x; to subspace zgp) = W;Xi. Cluster
assignments are then obtained (e.g., via k-means) within each subspace.

We classify subspace-based methods into the following three categories based on how

they learn and combine subspace representations:

e Multi-Stage Methods. ISAAC [180] and MISC [151] both build upon the idea of
independent subspace analysis to discover subspaces that minimize redundancy across
clustering solutions. Specifically, ISAAC applies Independent Subspace Analysis (ISA)
to locate arbitrarily oriented subspaces that contain different object groupings, using
the Minimum Description Length (MDL) principle to automatically select parameters.

The identified subspaces are then clustered, yielding multiple distinct partitions. MISC
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extends this by first finding statistically independent subspaces via ISA and determin-
ing their number again through the MDL principle. In a second stage, it adopts a
graph-regularized semi-nonnegative matrix factorization, further enhanced with ker-
nel functions to handle nonlinear separations. To improve on subspace quality and
interpretability, iMClusts [124] integrates multi-head attention modules into deep au-
toencoders. This design not only controls the diversity between subspaces but also
enforces salience, generating multiple distinct embeddings tailored to discover alterna-

tive meaningful clusterings.

e Simultaneous Subspace Learning. Unlike multi-stage or iterative procedures,
some methods jointly learn multiple subspaces in a single optimization framework.
ENRC [102] (Embedded Non-Redundant Clustering) introduces a neural network-
based representation learning module and then (softly) assigns dimensions of the em-
bedded space to different clusterings, thereby promoting non-redundancy among solu-
tions. This approach is especially effective for complex data, such as images, where
distinct subspaces may capture attributes like color, material, or shape. scMCs [123],
proposed for single-cell multi-omics data integration, similarly learns multiple subspace
embeddings in parallel. Each subspace captures either omics-specific or cross-omics fea-
tures, reducing redundancy among subspaces and thus yielding multiple diverse cluster-
ings. Through fusing transcriptomic and epigenetic representations, scMCs highlights
alternative biological perspectives (e.g., different cell types or states) without sacrificing

clustering quality.

2.3.2  Multi-view/Multi-source Clustering

To exploit data collected from multiple sources or views, multi-view (or multi-source) clus-
tering techniques seek to learn a consensus (or complementary) partition by integrating
information from each view. Below, we group related approaches into three categories ac-

cording to how they leverage multi-view data:
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Exploring the Complementary Information. One prominent theme in multi-view
clustering is to explicitly enhance complementarity across views so that redundant infor-
mation is reduced. DiMSC [22] leverages the Hilbert Schmidt Independence Criterion to
boost multi-view subspace clustering, promoting diversity while constructing an affinity ma-
trix across different views. LMSC [183] seeks a latent representation jointly learned from
multiple views, making subspace reconstruction more robust. Similarly, the approach in [18]
balances agreement across views while encouraging low-rankness and sparsity in a shared
affinity matrix. By reducing view redundancy, these methods more effectively harness the

unique perspectives each view provides.

Correlation-Based (Common Low-Dimensional Space). Another line of work aims
to identify a common low-dimensional representation in which correlations between views
are maximized. Deep Canonical Correlation Analysis (DCCA) [6] and its variants [150]
learn deep networks that transform each view to maximize linear correlation in the shared
latent space. DMVSSC' [139] incorporates convolutional autoencoders and Canonical Corre-
lation Analysis (CCA) to capture complementary features across multiple views, while [152]
and [154] further extend these ideas to the incomplete-data or heterogeneous-network set-
tings, showing that a carefully designed correlation-based embedding can reveal multiple

consistent cluster structures across the views.

View-Specific Subspace Representations. Rather than merging views into a single
common space, another strategy is to maintain view-specific subspaces and then integrate
(or regularize) them to produce multiple complementary partitions. RMSL [89] learns hier-
archical self-representations linked by a latent embedding to capture each view’s subspace,
while ensuring global consistency via backward encoding. DM Clusts [153] iteratively fac-
torizes multi-view data matrices into layered subspaces, generating multiple clusterings and
minimizing redundancy through a novel distance-based regularizer. scMCs [123] applies this

principle to single-cell multi-omics data, projecting each omic view into salient subspaces
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that collectively uncover different but meaningful cellular groupings. Fu et al. [41] propose
SCMC, a subspace-contrastive approach that uses autoencoders and contrastive strategies to
enhance discriminability while uncovering complementary structures in heterogeneous views.
Xiong et al. [162] tackle large-scale multi-view data with an anchor-graph technique and deep
matrix factorization, decomposing data into multiple orthogonal subspaces to yield diverse
high-quality clusterings efficiently. Similarly, Xiong [161] introduces an inverse optimization-
based framework to strike a nuanced balance between clustering quality and diversity via a
reverse encoder network, aligning shared latent representations with view-specific subspace

features.
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Chapter 3

DATA AUGMENTATION GUIDED DEEP MULTIPLE
CLUSTERING

3.1 Background and Overview

Data augmentation [143] has been widely used as a technique to enhance the generalization
performance. However, its ability to capture different aspects of the data for multiple clus-
tering has been ignored. For example, no matter how we change the color of an image, the
shape of the interested object is always preserved. Based on this observation, we propose to
use different data augmentation methods to preserve different aspects of the data, which can
also be used to capture a user’s interest to guide the generation of different clusterings. Con-
cretely, we propose a novel deep multiple clustering method called data Augmentation guided
Deep Multiple Clustering (AugDMC), in which we leverage prototype-based self-supervised
learning to obtain different data representations guided by different augmentation methods.
Thereafter, representations from each data perspective can be fed to any single clustering
method to obtain a clustering. We also propose a stable optimization strategy to ensure that
the learned representations are robust when multiple data augmentations are applied. The

main contributions of this chapter are highlighted as follows:

e We study a novel problem of multiple clustering to capture users’ interests efficiently,
which aims to control the aspect of clusterings via data augmentation. To the best of

our knowledge, we are the first to study this problem.

e We propose AugDMC, a novel deep multiple clustering method guided by data aug-
mentations. The proposed method uses a prototype-based self-supervised representa-

tion learning to obtain image representations for clustering and control the aspect of
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Figure 3.1: The framework of AugDMC. AugDMC uses multiple augmentation methods to obtain
augmented images with desired characteristics. The representations of the augmented images are
learned via a self-supervised prototype-based representation learning method. The final multiple
clusterings can be obtained by employing any single clustering algorithm on the learned represen-

tations.

clusterings through data augmentations.

e The experimental results on three real-world datasets demonstrate the effectiveness of

the proposed method, compared with the state-of-the-art methods.
3.2 Preliminaries

3.2.1 Problem Formulation

Given a dataset X with N samples and an augmentation method g¢(-), data augmentation
guided multiple clustering aims to divide samples into K (K > 1) clusterings {C*}X | with
high quality and diversity. All the images in the datasets are augmented by the augmentation
method ¢(+), denoted as g(X). The augmentation guided multiple clustering is to generate
the multiple clusterings through the augmented images.

In this chapter we focus on the setting where the user specifies in advance both (i)
the desired number K of clustering aspects and (ii) a semantic description for each aspect

(e.g., “color”, “species”, “rank”, or “suit”). AugDMC does not attempt to discover these
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aspects completely unsupervised. Instead, it uses user-specified augmentation families that
are aligned with the target aspects and learns one clustering C* per aspect. Although our
experiments instantiate K = 2 on all benchmarks (e.g., color vs. species on fruit images, rank
vs. suit on playing cards), the formulation is not restricted to two clusterings. In principle,
any number K > 2 can be handled by AugDMC as long as the corresponding semantic
aspects and augmentation families are provided. For example, on a face dataset such as
CMU Face, one can simultaneously define clusterings by identity, pose, and illumination,

and obtain three clusterings {C*}3_, from a single run of AugDMC.

3.2.2  Augmentation
Shallow models

Data augmentation is essential to overcome the limitation of data samples [143]. Image
augmentation has performed well in downstream tasks such as image classification [39, 104],
image segmentation [105, 187], object detection [78, 196]. Traditional image data augmenta-
tion involves geometric transformation and photometric shifting. Flipping [146] reflects an
image around its vertical or horizontal axis to double the number of images in a dataset.
Rotation [134] rotates the image around an axis in either direction to generate images. Crop-
ping [134] cuts and scales images to zoom in the original image. Color space shifting [157]
shifts color space, e.g., RGB, CMY, YIQ, HSL, to generate images. Image filters [42] ap-
ply image processing techniques to augment images, e.g., histogram equalization, brightness

adjustment, sharpening, blurring, and filters.

Deep models

Some data augmentation methods are based on deep learning. Deep learning image data
augmentation comprises three main categories, i.e., generative adversarial networks (GAN),
neural style transfer (NST), and meta metric learning. GAN-based methods use artificial

images generated from the initial dataset to predict features of the images [181]. For the NST-
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based methods, they separate and recombine images using neural representations of content
and style, demonstrating a way to construct creative images computationally [46]. Meta
metric learning methods generate images using models with meta-learning architecture [197].

A comprehensive review of image augmentation can be found in the surveys [132, 79].

Recently, some researchers attempted to combine clustering with augmentation. Guo et
al. [60] introduced a clustering with a data augmentation method named DEC-DA, which
optimizes an auto-encoder with augmented data with a clustering loss. ASPC-DA [59] fine-
tunes an auto-encoder with augmented data with a self-paced strategy. Abavisani et al. [1]
proposed a subspace clustering method using the augmented images and designed some
efficient data augmentation policies. Although image augmentation has demonstrated its

powerful ability in clustering, these methods are not designed for multiple clustering.

3.3 The Proposed Method

To find multiple clustering structures hidden in the data with the flexibility and efficiency
to capture a user’s interest, we propose a novel data augmentation guided deep multiple

clustering method, named AugDMC.

3.3.1  Self-supervised prototype-based image representation

The first step of AugDMC is to learn image representations, which aims to learn a map
fo(x;) without supervision, where fg(-) is a deep neural network, mapping image x; to a
d-dimensional feature representation fp(z;) € RY.

In this chapter, we propose a prototype-based latent class assignment strategy to learn the
data representations. Specifically, let {p, }1, indicate K prototypes that describe K anchors
of the latent classes in the dataset. p, € R? is a d-dimensional prototype, corresponding
to latent class k in the dataset. The similarity between image x; and prototype k can

be measured by the inner product between fg(x;) and p, as s;; = p} - fe(x;). Thus, the
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probability of image x; belonging to latent class k can be described as

P(kfz;:0) = P (PeJol@)/7) (3.1)

N exp(p] - folwi)/T)]

where 7 is a temperature parameter that controls the scale of values, so as to control the

concentration level of the probability distribution [66].

Therefore, considering all images in a dataset, the objective function of the proposed
method is to maximize the joint probability as [[;_, P(k|x;;0), where n is the number of
images in the dataset and @ indicates the parameters of the deep neural network fg(-). The
deep neural network used in AugDMC consists of multiple convolutional layers and a single
fully-connected (FC) layer. Therefore, AugDMC is very flexible to employ these neural
networks, such as ResNet [62], MobileNet [68], EfficientNet [137], etc.

3.3.2  Augmentation

AugDMC leverages augmentation to obtain images that could reflect different characteris-
tics. Given an image z;, it can be augmented by a function g;(-), so the representation
of augmented image g;(x;) can be denoted as fq (gj (xz)) Considering the prototype-based

representation learning, Eqn. (3.1) can be rewritten as

exp (Pi - fol9())/7)
> ey oxp (PF - fo(gi(x:))/7)

Therefore, the joint probability of all the images has the formulation [[;_, P(k|g;(z;);0). To

P(k|z;; 6) = (3.2)

sum up, prototype-based representation learning aims to learn discriminative representations,
while augmentation provides the invariant property for a given perturbation. AugDMC could

discover different aspects of representations from the combination.

3.83.3  Multiple Clusterings from Multiple Augmentations

Discrimination is essential for effective representation learning, which can be captured by

our prototype-based image representation learning. However, images can be separated in
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different ways. Therefore, we propose to do clustering that can aggregate similar ones ac-
cording to the invariant property based on the augmentation. Specifically, given a set of
augmentations {¢i, ..., gs}, the invariant property corresponding to a certain augmentation
is

min || f(g;(2:)) — f(xi)ll2- (3.3)

With appropriate augmentations, we can learn multiple aspects of the data under different
invariant properties. Thereafter, multiple clusterings can be realized by employing multiple
augmentations.

However, one major challenge is to identify effective augmentations for multiple clus-
terings. Note that there are some prevalent properties for multiple clusterings, e.g., color,
shape, etc [132, 79]. To identify which augmentations should be employed, one straightfor-
ward approach is to directly leverage standard augmentation for color invariant (e.g., color
jitter), shape invariant (e.g., crop, rotation), etc. This is however very inefficient, since it is
hard to choose the color and angle that should be used. AugDMC aims to learn augmenta-
tion setups simultaneously. Specifically, for color-invariant property, given a set of images,
AugDMC extracts dominating colors from each image and then perturbs with extracted col-
ors for a more effective color jitter augmentation. For shape-invariant property, which can
be obtained by crop and rotation. AugDMC computes the pixel difference between original

images from different angles of rotation and keeps those angles with the largest variance.

3.3.4  Stable Optimization Strategy

Although AugDMC can achieve multiple clusterings via multiple augmentations, it can suffer
from an unstable learning procedure caused by augmentation [30]. In other words, multiple
augmentations applied to a single image may result in unstable representations without
label information. To address this problem, inspired by RandAug [30] that randomly selects
a subset of augmentations at each iteration in the training process, we further design a stable

optimization strategy for AugDMC. Specifically, we randomly draw a subset {g; le from
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{9; }37:1, and then learn the prototype-based representations with the selected augmentations.
Thus, the final joint probability can be written as

n n

11 P(klg} (x:);6) = [ [ P(Klgi(ga(. - - (g5(:)))); 0)- (3.4)

i=1 i=1
Since a stable clustering can be obtained when images can be separated well, we set the
number of latent classes K = n, i.e., the number of images in the prototype-based rep-
resentation learning process, to maximize representation discrimination. In addition, we
repeat the process with a fixed number of epochs and only keep the feature extractors that
achieve a satisfied performance, i.e., the accuracy or loss of the prototype-based learning is
not changed in a fixed number of epochs. Then, multiple clusterings will be obtained using
different feature extractors. It is worth noting that although AugDMC adopts a random
strategy to select augmentation methods, it can still use different augmentation candidate
sets to make AugDMC capture specific features. For example, using rotation, flip, or crop
can capture color-related features, while using colorjitter or grey can capture shape-related
features.

Note that the objective of AugDMC in Eqn. (3.4) is equivalent to minimizing the negative
log-likelihood, so the final objective function of the proposed method is

1(8) = = log P(k|g} (x:); 6). (3.5)

i=1
Thereafter, we can feed learned representations from each feature extractor to a cluster-
ing algorithm, such as k-means [97], to obtain a clustering result, where multiple feature

extractors provide multiple clusterings. Fig. 3.1 summarizes the procedure of our proposal.
3.4 Experiments

In this section, we conduct experiments to demonstrate our proposal AugDMC. We first
introduce our experimental setup, and then present empirical results in comparison to state-

of-the-art baseline methods.
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3.4.1 FExperimental Setup

Datasets We conduct the experiments on three image datasets. First, the Fruit [70]
dataset consists of 105 images and has two clusterings, i.e., species and color. Specifically,
it contains three species (i.e., apple, banana, and grape) and three colors (i.e., green, red,
and yellow). Second, Fruit360! dataset contains 4856 images and also has two clusterings,
i.e., species (apple, banana, cherry, and grape) and color (red, green, yellow, and maroon).
Different from Fruit [70], images in Fruit360 are with more classes, and thus more complex.
Third, Card? is a dataset of playing card images, which consists of 8,029 images with two

clusterings, i.e., rank (Ace, King, Queen, etc.) and suits (clubs, diamonds, hearts, spades).

Baselines The proposed AugDMC is compared with the following state-of-the-art meth-
ods: (1) MSC [70] is a traditional multiple clustering method, which considers the stabil-
ity of clusterings and finds multiple clusterings by maximizing the Laplacian eigengap; (2)
MCV [56] considers multiple different pre-trained feature extractors as different “views” of
the same data, and designs a multi-input neural network to obtain a better clustering result;
(3) ENRC [102] is a deep multiple clustering method, which combines auto-encoder and
clustering objective function to obtain alternative clusterings; and (4) iMClusts [124] makes
use of the expressive representational power of deep autoencoders and multi-head attention

to achieve multiple clusterings.

Implementation Details AugDMC uses a common and efficient backbone, that is ResNet-
18 [62], to do self-supervised representation learning. Several data augmentation methods
such as ‘RandomRotation’ and ‘RandomHorizontalFlip’ that will not change the data’s per-
spective are included in all experiments for the effectiveness of representation learning. For
the clustering on color, we add data augmentation of ‘RandomCrop’ with a minimum size

of half, in which the color perspective should be preserved. For the clustering on species, we

Thttps://www.kaggle.com/moltean /fruits

Zhttps:/ /www.kaggle.com /datasets/gpiosenka/cards-image-datasetclassification
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Table 3.1: The multiple clusterings performance comparison. The best results are in bold.

MSC MCV ENRC iMClusts AugDMC
Dataset  Clustering Type
NMI RI NMI RI NMI RI NMI RI NMI RI
. Color 0.6886 0.8051 0.6266 0.7685 0.7103 0.8511 0.7351 0.8632 0.8517 0.9108
ruit
Species 0.1627 0.6045 0.2733 0.6597 0.3187 0.6536 0.3029 0.6743 0.3546 0.7399
. Color 0.2544 0.6054 0.3776 0.6791 0.4264 0.6868 0.4097 0.6841 0.4594 0.7392
ruit360
Species 0.2184 0.5805 0.2985 0.6176 0.4142 0.6984 0.3861 0.6732 0.5139 0.7430
Card Order 0.0807 0.7805 0.0792 0.7128 0.1225 0.7313 0.1144 0.7658 0.1440 0.8267
arc
Suits 0.0497 0.3587 0.0430 0.3638 0.0676 0.3801 0.0716 0.3715 0.0873 0.4228

add data augmentation of ‘ColorJitter’, in which the species shape should be preserved.

The training process is optimized using Stochastic Gradient Descent (SGD). All hy-
perparameters are searched according to the loss of self-supervised representation learn-
ing, where learning rate is searched in {0.2,0.1,0.05,0.01,0.005,0.0001}, weight decay is
from{0.001, 0.0005, 0.0001, 0.00005}, and that of temperature 7 is from {0.8,0.85,0.9,0.95,1.0}.
We also set momentum as 0.9, and training epoch as 1000. Furthermore, AugDMC uses early
stopping based on the accuracy of the prototype-based classification in the training process.
After that, we can obtain image representations using the input of the last fully connected
layer for clustering, which adopts k-means [97] in the following results. We evaluate the clus-
tering performance compared to the ground truth using two commonly used metrics, that
is, Normalized Mutual Information (NMI) [156] and Rand index (RI) [122]. We conduct the
experiments with a GPU NVIDIA GeForce RTX 2080 Ti.

3.4.2  Performance Comparison

Table 3.1 compares the clustering performance between AugDMC and all other baselines.
The best results are in bold. We can observe that the proposed method achieves the best
results in all cases. These results demonstrate the effectiveness of the proposed method by

capturing the concept of interest using a corresponding data augmentation method. Also, we
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Table 3.2: Performance contribution of each component in AugDMC.

Clustering Fruit Fruit360 Card
Method
Type NMI RI NMI RI NMI RI
Color 0.8517 0.9108 0.4594 0.7392 0.1440 0.8267
AugDMC
Species 0.3546 0.7399 0.5139 0.7430 0.0873 0.4228
Color 0.8472 0.8995 0.4407 0.7177 0.1391  0.8003
AugDMCy0r
Species 0.3453  0.6901 0.5042 0.7212 0.0810 0.4029
Color 0.8361 0.8979 0.4387 0.7119 0.1326  0.7892
AugDMCyos
Species 0.3409 0.7017 0.4907 0.7285 0.0726  0.3849
Color 0.8273 0.8873 0.4302 0.7091 0.1261 0.7624
AugDMCyos,
Species 0.3389 0.6817 0.4850 0.6995 0.0687 0.3796
Color 0.7172  0.8549 0.4064 0.6828 0.1057  0.7028
AugDMCyon
Species 0.3084 0.6194 0.4249 0.6806 0.0642 0.3623
Color 0.7030 0.8456 0.3964 0.6842 0.0993  0.7256
AugDMCyoar
Species 0.3035 0.5881 0.4131 0.6775 0.0601 0.3609

can find that the deep multiple clustering models, i.e., MCV, ENRC, iMClusts and AugDMC,
achieve better results than the shallow model, i.e., MSC, in most cases. This further confirms
that deep multiple clustering methods have a more powerful ability in learning image repre-
sentations to discover multiple clusterings. Besides, for the deep multiple clustering models,
AugDMC achieves 7% to 24% improvement compared with the baselines, suggesting the

effectiveness of the proposed method.

3.4.3  Ablation Study

To study the contribution of each component in AugDMC (i.e., the temperature parameter
T in prototype-based representation learning, data augmentation, and stable optimization
strategy), we conduct an ablation study in this subsection. Specifically, we remove the above
components from AugDMC and obtain three variants named AugDMC,,,, AugDMC,a, and
AugDMC,.s, respectively. Note that we set 7 = 1 for AugDMC,,,. Besides, we further re-
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Figure 3.2: Results of parameter sensitivity of AugDMC.

move the combination of the temperature in prototype-based representation learning and sta-
ble optimization strategy, as well as the combination of the temperature in prototype-based
representation learning and data augmentation, namely AugDMC,,,s, and AugDMCoa-,

respectively.

The results are shown in Table 3.2. We can find that AugDMC always achieves the
best performance, indicating the effectiveness of prototype-based representation learning,
data augmentation, and stable optimization strategy. Also, AugDMC,.s. and AugDMC o~
perform worse than AugDMC,,,,, AugDMCi,.s, and AugDMCy,a. This indicates that the

combination of these components is useful for the proposed method.

3.4.4 Parameter Sensitivity

Moreover, we investigate the effect of the temperature 7 in AugDMC on Fruit and Fruit360
datasets. The results of AugDMC under varying 7 are shown in Fig. 3.2. With the increase
of the value 7, the performance of AugDMC first improves and then drops on both datasets.
This suggests that a better choice of temperature can further improve the performance,

however the change is not big in most cases.
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Figure 3.3: Visualization of image representations on the Fruit dataset. For the results of color
clusterings, the red, blue, and green points indicate images with red, yellow, and green labels,
respectively. For the results of species clusterings, the red, blue, and green points correspond to

images with apple, banana, and grapes labels, respectively.

3.4.5  Visualization

To further demonstrate the effectiveness of the proposed method, in this subsection, we
visualize the learned representations on the Fruit and Fruit360 datasets using t-SNE [142]
to compare different methods. The results on the Fruit and Fruit360 datasets are shown in
Figs. 3.3 and 3.4, respectively. Comparing these results, we can find that the representations
with different labels learned by MSC, MCV, and ENRC are mixed with each other, while
AugDMC distinguishes all the categories with a clearer boundary.

3.5 Summary

In this chapter, we study the problem of deep multiple clusterings for images and propose

a novel augmentation guided method, named AugDMC, to flexibly and efficiently capture
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Figure 3.4: Visualization of image representations on Fruit360 dataset. For the results of color
clusterings, the red, blue, green, and maroon points signify images with red, yellow, green, and
maroon labels, respectively. For the results of species clusterings, the images with apple, banana,

cherry, and grape labels are marked by red, blue, green, and maroon points, respectively.

users’ interests. Specifically, we perturb given images using augmentations to control the as-
pect to be clustered, where the corresponding image representations can be obtained through
prototype-based representation learning with a stable optimization strategy. Experiments
on three real-world datasets demonstrate the effectiveness of the proposed method. Our rep-
resentation learning is independent from any clustering constraints, which makes the learned

representations of different aspects flexible for other downstream tasks as a future direction.
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Chapter 4
DUAL-DISENTANGLED DEEP MULTIPLE CLUSTERING

4.1 Background and Overview

Although deep multiple clustering methods have yielded impressive outcomes, they still con-
front two main challenges. Firstly, the relevance between the learned representations and the
ultimate goal of distinct clusterings is weak. This issue arises because the diversity of cluster-
ings is indirectly enforced by limiting the overlap of learned representations. However, this
does not guarantee a direct correlation between the dissimilarity of feature representations
and the clustering diversity, potentially leading to redundant clusterings. Secondly, most ex-
isting methods simply feed the learned representations into traditional clustering algorithms,
such as k-means, to obtain multiple clusterings [124, 174]. However, the representations are
often learned without involvement of the clustering objective, thereby undermining the final
clustering outcomes. Although some efforts, like ENRC [102], have aimed to optimize the
clustering performance, they have not yet achieved satisfactory results [124, 174].
Fortunately, disentangled representation learning, aiming to learn factorized representa-
tions that uncover and separate the latent factors hidden in data [86, 194, 50, 63, 12, 29],
provides a very promising way to learn the diverse representations effectively for multi-
ple clustering. Considering Fig. 6.1 as an example, the objects have two distinct factors,
that is, shape and color. Disentangled representation learning can segregate these factors
and encode them into independent and distinct latent variables within the representation
space [65, 194]. Consequently, the latent variable of shape/color changes exclusively with
the variation of the object’s shape/color and remains constant relative to other factors. In-
terestingly, both disentangled representation learning and multiple clustering seek to learn

distinct representations for latent factors, which prompts us to explore the application of



29

disentangled representation learning for multiple clustering. Nonetheless, despite the success
of disentangled representation learning, no study to date has examined its use in achieving

multiple clustering.

While disentangled representation learning provides a promising pathway towards multi-
ple clustering, it still grapples with two substantial challenges. Firstly, the question arises of
how to effectively learn diverse disentangled representations for multiple clustering. Datasets
contain a multitude of latent factors. If these factors could be captured more efficiently, it
would significantly aid in achieving multiple clustering. However, disentangled representation
learning, despite its remarkable success, was not initially designed for multiple clustering.
Therefore, the design of a disentangled representation learning framework specifically in-
tended for multiple clustering becomes crucial. Secondly, the effectiveness in the purpose of
clustering needs to be ensured. Most existing deep multiple clustering methods emphasize
primarily on capturing features at the clustering level, thereby neglecting the effectiveness at
the cluster level within each individual clustering. Once multiple clustering is accomplished,
a proficient method should have the capability to simultaneously ensure clustering-level and
cluster-level performance through an end-to-end approach, thereby leading to superior per-

formance.

In this chapter, we study the problem of multiple clustering on image data and propose
a novel Dual-Disentangled deep Multiple Clustering method named DDMC. Our method fo-
cuses on dealing with image data and consists of two main modules: disentanglement learning
and cluster assignment, designed to tackle the two aforementioned challenges, respectively.
Specifically, the disentanglement learning module leverages coarse-grained and fine-grained
disentangled representations to learn more diverse disentangled representations. Within the
coarse-grained disentanglement, we utilize deep augmentation to generate diverse augmented
images. To further foster diversity, a Hilbert-Schmidt Independence Criterion (HSIC) con-
straint is applied among these augmented images. During the fine-grained disentanglement,
these augmented images are processed through multiple variational autoencoders (VAEs) to

discern the disentangled representations, thereby uncovering the multiple clusterings hidden
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within the images. We also derive the Evidence Lower Bound (ELBO) of the fine-grained
disentanglement to ensure the optimization of the proposed method in a principal manner.
Simultaneously, the cluster assignment module is designed to boost the effectiveness of the
proposed method in cluster-level performance. A cluster objective function is utilized during
this phase to group similar images together, thereby forming distinct clusters of images with

clear boundaries.

Moreover, we structure our approach as a variational Expectation-Maximization (EM)
framework. In the Expectation (E) step, we decipher unique disentangled representations to
reveal potential multiple clusterings, while the cluster assignment component is fixed. During
the Maximization (M) step, the disentangled representations obtained from the E-step are
fixed and then leveraged in the cluster assignment learning process. Therefore, DDMC is
optimized by alternating between the E and M steps. Specifically, the contributions of this

chapter can be summarized as follows.

e We propose a novel dual-disentangled deep multiple clustering method named DDMC.
To the best of our knowledge, we are the first to introduce disentanglement learning

for multiple clustering.

e DDMUC consists of two parts, that is, disentanglement learning and cluster assignment,
and can be optimized by utilizing a variational EM framework. During the E-step, the
disentangled representation is learned, enabling the achievement of multiple clustering.

In the M-step, cluster assignment is optimized, enhancing the cluster-level performance.

e Extensive experiments are conducted on seven commonly used tasks. The experimental

results demonstrate the superiority of DDMC compared with state-of-the-art methods.
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4.2 Preliminaries

4.2.1 Problem Formulation

Given a dataset X with N samples, disentangled multiple clustering aims to learn K set
of representations for the dataset. The k-th set of representations is corresponding to the
K(K > 1) clusterings {C*},2,. The k-th clustering, C* = (C}, C§, ..., C}, ), is a partition of
X into M,, groups (clusters), where UM* C* = X and Ch NCE =0 for 0 <my,my < M.

Throughout this chapter we assume that the user specifies in advance both (i) the num-
ber M of semantic clustering aspects of interest and (ii) a brief description of each aspect
(e.g., “color”, “species”, “rank”, “suit”, “pose”, or “identity”). DDMC does not try to auto-
matically infer how many clusterings exist or name them. Instead, it learns K disentangled
latent factors and aligns them with these M user-specified aspects via the assignment vari-
ables {cF}5_ . While several of our benchmarks only provide two clusterings per image (e.g.,
Fruit, Fruit360, Card), the formulation is not restricted to M = 2. In particular, DDMC
naturally handles datasets with three or more clusterings, such as CMUface, where we jointly

model four aspects (identity, pose, glasses, and emotion) within the same framework.

4.2.2  Disentanglement learning

Disentangled representation learning seeks to learn factorized representations that uncover
and separate the latent factors underlying data. Some methods concentrate on learning
disentangled representations from image data. Some of these methods are based on VAE.
For instance, Higgins et al. [65] proposed -VAE, which learns interpretable factorized la-
tent representations from raw image data without supervision. InfoGAN [28] uses the GAN
framework and incorporates an extra variational regularization of mutual information to learn
disentangled representations. InfoSwap [44] isolates identity-relevant and identity-irrelevant
information by optimizing an information bottleneck to generate more identity-discriminative
swapped faces. Disentangled representation learning is also widely used in natural language

processing tasks. Hu et al. [72] integrated VAE with an attribute discriminator to disen-
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tangle content and attributes of textual data, for generating texts with desired attributes
of sentiment and tenses. Bao et al. [12] generated sentences from disentangled syntactic
and semantic spaces by modeling syntactic information in the latent space of VAE and
regularizing syntactic and semantic spaces via an adversarial reconstruction loss. Wang et
al. [149] propose Iterative Partition based Invariant Risk Minimization (IP-IRM), an itera-
tive algorithm based on the self-supervised learning fashion, to specifically learn disentangled

representation.

Some methods are based on Generative Adversarial Networks (GAN). Jeon et al. [76]
introduce IB-GAN, which compresses the representation by maximizing the mutual infor-
mation between latent representation and input. This is an application of information bot-
tleneck. Lin et al. [94] develop InfoGAN-CR, a self-supervised version of InfoGAN with
a contrastive regularizer. This regularizer makes different dimensions in the latent repre-
sentation more distinct, which helps with disentanglement. Zhu et al. [195] present PS-SC
GAN, an extension of InfoGAN that uses Spatial Constriction (SC) to identify the focused
areas of each latent dimension and Perceptual Simplicity (PS) to make the factors of varia-
tion in the latent representations simpler and purer. Wei et al. [155] propose an orthogonal
Jacobian regularization (OroJaR) to enforce disentanglement for generative models. They
use the Jacobian matrix of the output with respect to the input (i.e., latent variables for

representation) to measure how the output changes when the input varies.

4.3 The Proposed Method

To simultaneously learn representations for distinct clusterings and achieve good cluster-level
performance, we leverage disentangled representation learning and cluster assignment learn-
ing within a variational EM framework. The disentangled representation learning process
has two main components, i.e., coarse-grained and fine-grained disentanglement. The learned
disentangled representations are then fed into the cluster assignment module to improve the

cluster-level performance as illustrated in Fig. 4.1. The details are described as follows.
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Figure 4.1: DDMC framework. The DDMC framework trains disentanglement learning and cluster
assignment in an EM framework. During the E-step, the disentangled representation is learned
through both coarse-grained and fine-grained disentangled representation learning. The learned
disentangled representations can be applied to multiple clustering tasks. In the M-step, cluster

assignment is optimized, enhancing the cluster-level performance.

4.3.1 Task Statement

Given an image x; € {x;}Y |, our aim in disentangled multiple clustering is to derive K dis-
tinct image representations {z},..., 2K}, which describe various facets of the image through
achieving both coarse and fine-grained disentanglement. We assume that the user specifies
M semantic aspects of interest, and that one clustering is produced for each aspect. Conse-
quently, these images can be classified into M distinct clusterings, each reflecting a unique
aspect of the original image, where K can be larger than M. This is because the real-world

data may have more aspects than the desired number of aspects. We need to disentangle all
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the aspects to obtain the needed representations.

Coarse-grained disentanglement

An image encapsulates diverse aspects, each of which can correspond to a clustering perspec-
tive. To effectively uncover these latent facets, we strive for coarse-grained disentanglement
achieved through augmentation. Consequently, employing a variety of augmentation meth-
ods generates variant images that each mirror a distinct facet of the original image, thereby

highlighting the inherent diversity of its elements.

Fine-grained disentanglement

To better obtain diverse representations, we further employ fine-grained disentanglement to
decipher the factorized representation of the augmented images, denoted as {z¥}X | with z*
indicating the k-th high-level aspect for image x;. Additionally, we infer a set of one-hot vec-

tors, {cF}E || for each high-level aspect. Assuming the images can be grouped into M clus-

terings, the dimension of c* is equal to the number of clusterings, i.e., & = [c¥ ¢, ... ck,].
If the k-th disentangled representation falls under the clustering m, ¥, = 1 and &, = 0

for all m’ # m, ensuring each representation is associated with a single clustering. In the
evaluation, if K > M, we can select the disentangled representation with the highest corre-
lation according to {c¥ }X | as the feature representations for the m-th clustering, while the

remaining can be disregarded.

4.3.2  The Coarse-Grained Disentanglement

Uncovering multiple independent structures hidden in data is a fundamental challenge for
multiple clustering. Fortunately, data augmentation can facilitate the extraction of diverse
image features. Consequently, we propose a coarse-grained disentanglement as an integral
component of our DDMC. This is specifically designed to glean insights from augmented

images, enabling us to better characterize and capture the various desired facets inherent
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within the image data.

The coarse-grained disentanglement process operates via two primary stages: sampling
and mixing. In the sampling stage, augmentation operations are stochastically sampled from
a defined set of augmentation operations. This sampling procedure is repeated K times,
each corresponding to a unique disentangled representation set. During the k-th sampling

iteration, the chosen augmentation methods are applied to the image set X = {x;}¥, to

k

produce the augmented images, denoted as X, .

A prevalent issue in deep learning with corrupted data is that applying multiple augmen-
tations to an image can make its representation unstable if there is no label information [30].
To alleviate this issue, we leverage the mixing process that generates a variety of trans-
formations, which are instrumental for robustness. Specifically, for the k-th coarse-grained

disentanglement, the augmented images can be generated by

XF=wh X 4 (1 —wh) XF (4.1)

aug

where w* € (0,1) is the mixing weight. To further distinguish the K augmented image
sets, we set w* as trainable parameters and use Hilbert Schmidt Independence Criterion
(HSIC) [55] to measure the dependency between two augmented image sets. For two aug-

mented image sets X" and X ¥ the empirical HSIC is computed as
HSIC(X*, X*) = (N — 1)*tr (G,HGy H) (4.2)

where tr(-) is the matrix trace operator and H = Iy — %11T is the centering matrix.
G, € RV*N is the kernel matrix to measure the similarity within the image set X*. Here

we adopt the inner product kernel for simplicity, so we have
G, = (X")TXx* (4.3)

A smaller HSIC value signifies greater independence between the two augmented image sets.
Hence, we can maximize the negative HSIC value across the K augmented image sets to learn

a more diverse augmentation manner. This diversity is beneficial for learning embeddings
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that effectively capture various aspects of images. Therefore, the objective function for the

coarse-grained disentanglement can be defined as

Looarse = — f: HSIC (X’f, Xk’)

k=1,k%k’

p (4.4)

——N-12 Y w (XZXkH(Xk/)TX’“/H)
k=1,k£k’

4.3.8  The Fine-Grained Disentanglement

The coarse-grained disentanglement increases the diversity of images. But only relying on
these could not obtain effective image representations for multiple clustering, so we propose
fine-grained disentanglement that can directly obtain feature representations to represent
different aspects based on VAE, so that the latent factors in dataset can be discovered in
this process. Here, we introduce the aspect assignment relations for images: C = {c"}<
where ¢f = [cf, ¢k, ... %] is a M dimensional vector. Each element c® € c* is described
by a distribution p(c¥ ), which denotes the probability of the disentangled representation
Z% = {2F}N | corresponding to the m-th clustering. Thereafter, we consider the following
joint probability:
p(X*, 2%, ") = p(X*| 2", F)p(ZF, )

(4.5)
= p(X*Z*, M)p(ZF)p(c")

Given that both ¢* and Z* are dependent on the augmented images X*, the posterior of c*

and Z* are written as p(c¥| X*) and p(Z*| X*), respectively. The integral of the posterior in

VAE is intractable, so we employ g4 (c*| X ") and Q¢k(Zk|X "), which are parameterized by

@*, as approximations for the true posterior. Since the aspect assignment ¢ is a one-hot rep-

resentation, which is non-differentiable during the training process, we set its prior as a prod-
k k

uct of independent uniform Gumbel Softmax distributions, i.e., p(c*) = p(ch)p(ck) ... p(ck,),

where p(ck ) ~ Gumbel(0,1). Hence, the approximate posterior g4 (c*| X *) can be described
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as

-

q¢k(ck|Xk) q¢k(cfn|Xk)

3
Il

(4.6)
exp ((log Sk + g,’fl)/T)

>0 exp ((log s; + gk)/7)

where gF ~ Gumbel(0,1) and 7 is the temperature parameter exploited to control the scale

-

3
I

of values. The shared trainable parameter sy € {s1, s2,..., sk} is employed to generate all
the aspect assignment parameters, namely {c!,..., X}, in a principle manner. Conversely,

the posterior gy (Z"| X") can be parameterized by a factorized Gaussian as
a4+ (Z5| XF) ng (¥ X*) (4.7)

Assuming that the prior of the disentangled representation Z* follows a normal distribution,
that is, p(Z*) ~ N(0, (c¥)’T). According to reparameterization trick [80], the encoder
qor (25| X7) = N(p*, (0%)?) can be computed utilizing a neural network f,,, : R? — R as

1
¥ bk = fnn(mk)v lJ’k = a’ka o-k — O./g ’ exp(—§bk) (48)

The neural network f,,(-) captures nonlinearity from the data, and is shared across the K
disentangled representations. In practical applications, we typically set o* to a relatively
small value, such as around 0.2 to prevent the inferred values from becoming excessively
large.

The objective function of fine-grained disentanglement is to maximize the likelihood func-
tion of the augmented images. According to Jensen’s inequality, the log-likelihood of our

proposed model has the following formulation:

K K
logp(XF) = 1o / Xk, zk Fyazk
kZ:l gp(X*) =) log Zk%:p( )

Y

M= T~ T

p(X*, ZF )
o(Z*, k| X*F)

Eq(zk,ck|Xk) llog

Lrrpo(XF)

=
Il

1
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where Lerpo(X") is the Evidence Lower Bound (ELBO) of the k-th disentangled represen-
tation. Maximizing the ELBO is equivalent to maximizing the likelihood in the variational
inference process. Given p(X* Z* c*) = p(X*|Z* ¢*)p(Z*, "), the ELBO of the k-th

disentangled representation is formulated as:
Lrrpo(XF) = By zr ar xiylogp(X*| 2%, )] — Dicr(o(Z", |1 X7)|p(ZF, ) (4.10)

Assuming that the aspect assignment and disentangled representation are conditionally in-
dependent, i.e., ¢(Z*, c*|X*) = ¢(Z*| X*)q(c¥|X*) and the prior p(Z*, ") = p(Z")p(cF).
The KL divergence can be factored into two parts: Dgr(q(Z%|X")||p(Z%)) as well as
Drr(q(c®)| X®)|Ip(c¥)). In this way, the KL divergence terms of ¢ and z* are separated,
which correspond to aspect assignment and disentangled representations, respectively. For
the k-th disentangled representation, the objective function is to maximize the following

formulation:

Lpreo(X") =E gk o xmylogp(X*|Z, ")) = Dicr (a(Z"1XF)|Ip(Z")) — D (a(e"|XF)|Ip(c?))
(4.11)

4.8.4  Expectation (E) step: Disentanglement Optimization

Optimizing the disentangled representations primarily involves fine-tuning the fine-grained
disentanglement. To make our model capture more variation information, the channel ca-
pacity of the KL divergence terms in (4.11) should increase gradually. We define controlled
capacities U, and U, for the KL divergence terms of the aspect assignment variable ¢* and
the disentangled representation Z* for the k-th disentangled representation, respectively.

Therefore, the ELBO can be reformulated as

Lprpo(X") =E gt o x) [log p(X*| Z", "))
—B*1Dkr(¢(Z"| X") Ip(Z2")) - U] (4.12)

—B*|Dkcr (a(c*| XP)|[p(e")) — Ul
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where 3% is a trade-off coefficient. Considering that different disentangled representation sets

have different scales of data reconstruction loss, the 3* can be calculated by:

Bk . 5 Eq(Zk,ck\Xk)[logp(Xk’Zk> Ck)] (4 13)
maxy. Eq(zkck|Xk)[10gp(Xk|Zk, Ck)]

Eventually, the fine-grained disentangled objective function can be written as:

K
Line =Y _ LeLpo(X")
k=1

ziEq(zk,cﬂxk) []ogp (Xk | Zk,ck)}
k=1

S5 o o (1)1 (2) -

=32 8% D (a (" 1 X¥) lIp(eh)) - U

(4.14)

4.8.5 Mazimization (M) step: Cluster Assignment

Following the optimization of disentanglement, we further enhance the clustering perfor-

mance of our method by optimizing the following objective function [167]:

| X
Leluster = — max Z ||zf — Wkssz st.s;€{0,1}7,17s; =1 (4.15)

i=1

where W* € R™T represents a matrix consisting of all cluster centers and we assume that
all the clusterings have T clusters. s; is the assignment vector of the i-th example which
has only one non-zero element. 1 signifies a column vector with every element to 1. In the
training process, we employ k-means to initialize the cluster centers W* and optimize s;,
and the W* is held constant to prevent a degenerate solution where all examples converge
to a single point, resulting in the objective equaling zero. As a result of W* being constant,
decision boundaries are also established. This is because the decision boundaries act as
perpendicular bisectors of adjacent cluster centers, rendering it impossible to aggregate all

examples together by optimizing the given Eq. (4.15). Therefore, when z¥ and W* in
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Eq. (4.15) are fixed, s; can be updated as follows

1, if j=argmin|zF— wf|s

0, otherwise

where s;; is the j-th element of s; and 'w,’f denotes the centroid of the ¢-th cluster for the
k-th disentangled represenetation.

The training process will cease if the change in predicted cluster labels between two
consecutive iterations is less than a specified threshold, 6. Formally, the stopping criterion

can be described as follows

1 o
2%
where sfj_l and sf; are indicators for whether example z; is assigned to the j-th cluster at

the (e — 1)-th and e-th iteration, respectively. We empirically set 6 = 0.0005 in our experi-
ments. Thereafter, the cluster objective can make the learned representation more suitable
for downstream tasks. Thereafter, the cluster assignment objective will be a constraint in
the training process, so the learned image representations will be more suitable for k-means
tasks.

To summarize, the total loss function of our method is

L = Leoarse T Leine + Leluster (418)
—_——— S —
E-step M-step

In the optimization process, we iteratively perform the E-step and the M-step. During the
E-step, we learn K distinct disentangled representations to uncover potential multiple clus-
terings. In the M-step, the disentangled representations obtained in the E-step are utilized in
the cluster assignment learning process, where each set of representations is grouped into T’
clusters. The knowledge acquired from the cluster assignments serves as a constraint in the
subsequent E-step training, ensuring that the learning process benefits from the clustering

information.
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Table 4.1: Dataset Statistics.

Datasets ~# Samples # Dimensions # Clusters

ALOI 288 287 2;2
Card 8,029 50,176 13;4
CMUface 640 15,360 4;20;2;4
Fruit 105 119,025 3;3
Fruit360 4,856 10,000 4:4
StickFig 900 400 3;3
C-MNIST 10,000 1,568 10;10

4.4 Experiments

4.4.1  FExperimental Setup
Datasets

To demonstrate our proposed method, we evaluate the clustering performance of our DDMC
on seven image benchmark datasets in multiple clustering as follows, whose detailed statistics
are also summarized in Table 4.1. (1) ALOI [47] (Amsterdam Library of Object Images)
contains images of 1000 common objects. Following setting in [124], we sample 288 images
of four objects with two clusterings: color (yellow and red) and shape (circle and cylinder).
(2) Card! is a dataset of playing card images, which consists of 8,029 images with two
clusterings, i.e., rank (Ace, King, Queen, etc.) and suits (clubs, diamonds, hearts, spades).
(3) CMUface [57] contains 640 32 x 30 gray images, which can be grouped according to pose
(left, right, straight and up), identity (20 individuals), glass (with or without glass), and
emotions (angry, happy, neutral and sad). (4) Fruit [70] consists of 105 images and has two

clusterings, i.e., species (apples, bananas, and grapes) and color (green, red, and yellow).

Thttps:/ /www.kaggle.com/datasets/gpiosenka/cards-image-datasetclassification
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(5) Fruit360% contains 4,856 images and has two clusterings as well, i.e., species (apples,
bananas, cherries, and grapes) and color (red, green, yellow, and maroon). (6) StickFig [57]
has 900 20 x 20 images and two clusterings, i.e., upper body and lower body. Each clustering
has three clusters according to the body postures. (7) MNIST [84] is a well known dataset.
Here, we extend it through concatenating two digits side by side, leading to a total of 100
possible combinations, named C-MNIST. As a result, the dataset can be seen as containing

two clusterings, i.e., left and right. Fach of the clusterings has 10 clusters.

Baselines

We compare DDMC against the following state-of-the-art methods, including two single clus-
tering methods and six multiple clustering methods: (1) DAC [25] is a deep single clustering
method that adopts a pairwise classification framework to learn image representations for
clustering. (2) DCN [167] learns feature representations through a clustering constraint,
making the representations more suitable for single clustering tasks. (3) MSC [70] is a tra-
ditional multiple clustering method for finding multiple clusterings, which aims to maximize
the Laplacian eigengap and ensure the stability of the clusterings. (4) MCV [56] leverages
multiple pre-trained feature extractors to represent different “views” of the same data, and
employs a multi-input neural network to enhance clustering outcome. (5) ENRC [102] is
a deep multiple clustering method, which integrates auto-encoder and clustering objective
function to generate different clusterings. (6) iMClusts [124] makes use of the expressive
representational power of deep autoencoders and multi-head attention to accomplish mul-
tiple clusterings. (7) AugDMC [174] is a deep multiple clustering method, which leverages
augmentations to learn different image representations to achieve multiple clustering. (8)
B-VAE [65] is a disentangled representation method based on VAE to learn distinct repre-
sentation in an unsupervised manner. Here we employ this method to acquire disentangled

representations directly and apply it to multiple clustering tasks.

https://www.kaggle.com/moltean/fruits
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Single Clustering

Multiple Clustering

DAC DCN MSC MCV ENRC iMClusts AugDMC [B-VAE DDMC
Datasets  Clusterings
NMIfT  RIT | NMIt  RIt | NMIt RIt | NMIt RIT | NMIt RIf | NMIt RIt | NMIt RIt | NMIT RIT NMIt RIT
B Color 0.6579 0.7893 | 0.6724 0.7935 | 0.6886 0.8051 | 0.6266 0.7685 | 0.7103 0.8511 | 0.7351 0.8632 | 0.8517 0.9108 | 0.8329 0.8611 | 0.8973 0.9383
ruit
Species 0.2154 0.6206 | 0.2058 0.6127 | 0.1627 0.6045 | 0.2733  0.6597 | 0.3187 0.6536 | 0.3029 0.6743 | 0.3546 0.7399 | 0.3287 0.6562 | 0.3764 0.7621
Fruit360 Color 0.1967 0.5568 | 0.2197 0.5899 | 0.2544 0.6054 | 0.3776 0.6791 | 0.4264 0.6868 | 0.4097 0.6841 | 0.4594 0.7392 | 0.4354 0.7043 | 0.4981 0.7472
ruits
Species 0.1533  0.5439 | 0.1685 0.5583 | 0.2184 0.5805 | 0.2985 0.6176 | 0.4142 0.6984 | 0.3861 0.6732 | 0.5139 0.7430 | 0.4289 0.6982 | 0.5292 0.7703
Card Order 0.0532  0.6392 | 0.0612 0.6893 | 0.0807 0.7805 | 0.0792 0.7128 | 0.1225 0.7313 | 0.1144 0.7658 | 0.1440 0.8267 | 0.1205 0.7329 | 0.1563 0.8326
Jard
Suits 0.0269 0.3350 | 0.0416 0.3604 | 0.0497 0.3587 | 0.0430 0.3638 | 0.0676 0.3801 | 0.0716 0.3715 | 0.0873 0.4228 | 0.0728 0.5536 | 0.0933 0.6469
StickF Upper 0.3781 0.5964 | 0.3873 0.6390 | 0.6293 0.7293 | 0.5387 0.6896 | 1.0000 1.0000 | 1.0000 1.0000 | 1.0000 1.0000 | 0.8226 0.9033 | 1.0000  1.0000
StickFig
Lower 0.3695 0.6009 | 0.3651 0.6338 | 0.6431 0.7149 | 0.5160 0.6524 | 1.0000 1.0000 | 1.0000 1.0000 | 1.0000 1.0000 | 0.8261 0.9084 | 1.0000  1.0000
ALO Shape 0.2172  0.5153 | 0.3839 0.7391 | 0.2968 0.5199 | 0.7359 0.8261 | 0.9732 0.9861 | 0.9963 0.9989 | 1.0000 1.0000 | 0.9706 0.9887 | 1.0000  1.0000
: Color 0.1520 0.3893 | 0.2083 0.5820 | 0.1563 0.3428 | 0.6982 0.7439 | 0.9833 0.9892 | 1.0000 1.0000 | 1.0000 1.0000 | 0.9754 0.9892 | 1.0000  1.0000
Emotion | 0.0612 0.5157 | 0.0811 0.5107 | 0.1284 0.6736 | 0.1433  0.5268 | 0.1592 0.6630 | 0.0422 0.5932 | 0.0161 0.5367 | 0.1549 0.6580 | 0.1726 0.7593
CMUE Glass 0.0439 0.4692 | 0.0535 0.4791 | 0.1420 0.5745 | 0.1201 0.4905 | 0.1493 0.6209 | 0.1929 0.5627 | 0.1039 0.5361 | 0.1897 0.6225 | 0.2261 0.7663
ace
Identity | 0.4196 0.7653 | 0.4912 0.7932 | 0.3892 0.7326 | 0.4637 0.6247 | 0.5607 0.7635 | 0.5109 0.8260 | 0.5876 0.8334 | 0.4535 0.6873 | 0.6360 0.8907
Pose 0.2184 0.5524 | 0.2306 0.5596 | 0.3687 0.6322 | 0.3254 0.6028 | 0.2290 0.5029 | 0.4437 0.6114 | 0.1320 0.5517 | 0.3882 0.6831 | 0.4526 0.7904
CMNIS Left 0.0857 0.5235 | 0.1038 0.5283 | 0.0167 0.6273 | 0.1326 0.5603 | 0.7263 0.7882 | 0.7736 0.8250 | 0.9364 0.9569 | 0.8085 0.9105 | 1.0000 1.0000
MNIST
Right 0.0828 0.5185 | 0.0985 0.5534 | 0.0542 0.6003 | 0.1103 0.5938 | 0.7277 0.7926 | 0.7698 0.8119 | 0.9277 0.9208 | 0.8123 0.8907 | 1.0000 1.0000

Implementation Details

ResNet-18 [62] is adopted as the encoder and decoder in our implementation. Several data

augmentation methods are utilized in the experiments, such as “RandomRotation”, “Ran-

domHorizontalFlip”, “RandomCrop”, “ColorJitter”, and so on. We employ Adam and set

momentum as 0.9 to train the model for 1000 epochs. All hyperparameters are searched ac-
cording to the loss score of DDMC, where learning rate € {0.1,0.05,0.01,0.005, 0.001, 0.0005},
weight decay € {0.0005,0.0001, 0.00005, 0.00001, 0}, temperature 7 € {0.8,0.85,0.9,0.95,1.0}.

We perform k-means [97] and evaluate the clustering performance using two quantitative

metrics, including Normalized Mutual Information (NMI) [156] and Rand index (RI) [122].

These measures range in [0, 1], and higher scores imply more accurate clustering results. The

experiments are conducted with a single GPU NVIDIA GeForce RTX 2080 Ti.
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4.4.2  Performance Comparison

We compare our proposed DDMC with state-of-the-art multiple clustering baselines. Ta-
ble 4.2 presents the average clustering results, highlighting the best results in bold. Our
method, DDMC, consistently outperforms the state-of-the-art methods in all cases, thereby
indicating the superiority of the proposed method. Based on the clustering results, we obtain

the following conclusions:

The single clustering methods, namely DAC and DCN, typically underperform in com-
parison to their multiple clustering counterparts. This is an expected outcome as single
clustering methods struggle to discern distinct clusters within datasets. Furthermore, DCN
often outperforms DAC. This can be attributed to the fact that DCN leverages an opti-
mized cluster objective function, which aids DCN in identifying a more suitable approach
to data grouping. Besides, From our observations, disentangled-based methods, specifically
B-VAE and DDMC, generally yield superior results. Despite S-VAE not being tailored for
multiple clustering, it delivers strong performance due to its capability to disentangle latent
factors within datasets. This underscores the efficacy of disentangled representation learn-
ing within multiple clustering scenarios. Furthermore, DDMC outperforms S-VAE, lending
credibility to the effectiveness of DDMC. Moreover, Both AugDMC and DDMC are meth-
ods that employ augmentation to learn diverse representations. These methods outperform
other techniques in most cases, suggesting that data augmentation can preserve distinct as-
pects of the data and subsequently aid in discovering diverse features in multiple clustering
tasks. Furthermore, The DDMC method surpasses AugDMC in most cases, largely owing to
its more sophisticated and robust design that incorporates fine-grained disentangled learn-
ing and cluster assignment. Notably, AugDMC does not perform as well on the CMUface
dataset. This is likely because the clusters in this dataset are related to detailed features
such as emotion and glasses, which are challenging to capture with augmentation methods.
Despite this, the proposed DDMC method continues to deliver the best results, thanks to

its fine-grained disentangled representation and cluster assignment components.
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Table 4.3: Components ablation. The best results are in bold.

DDMC yomix DDMC,=o.5 DDMC,0cp DDMCyoca | DDMCyocpeca DDMC
Datasets  Clusterings
NMIt RIT | NMIt RIT | NMIt RIT | NMIt RIt | NMIt  RIt NMIt RIT
. Color 0.8854 0.9013 | 0.8912 0.9010 | 0.8796 0.8993 | 0.8869 0.8981 | 0.8621 0.8824 | 0.8973 0.9383
ruit
Species 0.3610 0.7389 | 0.3695 0.7429 | 0.3592 0.7268 | 0.3557 0.7369 | 0.3428 0.7007 | 0.3764 0.7621
B Color 0.4887 0.7315 | 0.4923 0.7399 | 0.4754 0.7209 | 0.4862 0.7277 | 0.4633 0.7203 | 0.4981 0.7472
ruit360
Species 0.5218 0.7494 | 0.5254 0.7584 | 0.5037 0.7353 | 0.5138 0.7508 | 0.4909 0.7285 | 0.5292 0.7703
Card Order 0.1482 0.7927 | 0.1527 0.8217 | 0.1308 0.7671 | 0.1513 0.8285 | 0.1253 0.7523 | 0.1563 0.8326
ar
Suits 0.0899 0.6326 | 0.0918 0.6382 | 0.0779 0.5982 | 0.0896 0.6297 | 0.0730 0.5508 | 0.0933 0.6469
StickF Upper 1.0000 1.0000 | 1.0000 1.0000 | 0.8568 0.9226 | 1.0000 1.0000 | 0.8364 0.9186 | 1.0000  1.0000
tickFig
Lower 1.0000 1.0000 | 1.0000 1.0000 | 0.8490 0.9094 | 1.0000 1.0000 | 0.8436 0.8922 | 1.0000  1.0000
ALOI Shape 0.9912  0.9956 | 1.0000 1.0000 | 0.9891 0.9921 | 1.0000 1.0000 | 0.9885 0.9931 | 1.0000  1.0000
Color 0.9927 0.9952 | 1.0000 1.0000 | 0.9853 0.9956 | 1.0000 1.0000 | 0.9798 0.9889 | 1.0000  1.0000
Emotion | 0.1698 0.7452 | 0.1709 0.7483 | 0.1707 0.7382 | 0.1698 0.7436 | 0.1674 0.7045 | 0.1726 0.7593
CMUE Glass 0.2205 0.7598 | 0.2249 0.7621 | 0.2253 0.7568 | 0.2243 0.7514 | 0.2262 0.7208 | 0.2261 0.7663
[Uface
Identity | 0.5806 0.8570 | 0.6014 0.8792 | 0.5294 0.7932 | 0.6317 0.8823 | 0.4736 0.7617 | 0.636 0.8907
Pose 0.4492 0.7723 | 0.4510 0.7855 | 0.4381 0.7360 | 0.4427 0.7806 | 0.4022 0.7183 | 0.4526 0.7904
CLMNIST Left 1.0000 1.0000 | 1.0000 1.0000 | 0.8562 0.9253 | 1.0000 1.0000 | 0.8259 0.9020 | 1.0000  1.0000
Right 1.0000 1.0000 | 1.0000 1.0000 | 0.8495 0.9190 | 1.0000 1.0000 | 0.8305 0.8994 | 1.0000  1.0000

4.4.3  Ablation Study

We conduct the ablation study to assess the contribution of different components within
DDMC, i.e., the coarse-grained disentangled learning and the cluster assignment. Specifi-
cally, to verify the effect of the mixing process in the coarse-grained disentangled learning,
we remove the mixing process and set w = 0.5 to validate the effect of the trainable pa-
rameter w. Consequently, we can obtain two related variants referred to as DDMC,,,mix and
DDMC,,—q 5, respectively. Moreover, we also generate three additional variants by removing
the coarse-grained disentangled representation, the cluster assignment component, or both.

These variants are referred to as DDMC,,,cp, DDMC,,0ca, and DDMC,,,cpgca, respectively.

The results are illustrated in Table 4.3. Across all cases, DDMC demonstrates superior
performance, underscoring the effectiveness of both the coarse-grained disentangled repre-

sentation and cluster assignment components. Additional observations include: DDMC,,—g 5
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outperforms DDMC,,onix, which indicates the efficacy of the mixing process within the coarse-
grained disentanglement. Also, the only difference between DDMC,,omix and DDMC,,,cp is
the augmentation process. DDMC  ,mix achieves better results than DDMC,,cp in most
cases, implying that augmentation is advantageous in learning diverse representations. How-
ever, DDMC,,cp outperforms both DDMC,,,mix and DDMC,,—p 5 on the emotion and glass
clustering within the CMUface dataset. This can be attributed to the difficulty in cap-
turing intricate information through augmentation. Moreover, DDMC outperforms both
DDMC,,cp and DDMC,,,ca, confirming the efficacy of coarse-grained disentanglement and
cluster assignment, respectively. This finding is echoed in the comparison between DDMC
and DDMC,,cpgca- Consequently, both the coarse-grained disentanglement and cluster

assignment components enhance the effectiveness of the proposed method.

4.4.4  Visualization

3 . o %0 et .
R B G vad .
o o % CTIN

(a) DDMC epoch 50 (b) DDMC,,ca epoch (c) DDMC epoch 300 (d) DDMC,,ca epoch
50 300

(e) DDMC epoch 800 (f) DDMC,,ca epoch (g) DDMC epoch 1000 (h) DDMC,,ca epoch
800 1000

Figure 4.2: Visualization of DDMC and DDMC,,,ca color representations on the Fruit dataset.

We also visualize the disentangled representations in different training epochs for DDMC
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Figure 4.3: Results of parameter sensitivity of K.

and its variant DDMC,,,ca to compare their training process on Fruit using t-SNE [142]. The
visualizations of color clustering of DDMC and DDMC,,,ca are shown in Fig. 4.2. We use red,
yellow, and green points to denote images with red, yellow, and green labels, respectively. As
the number of epochs increases, data points from different categories progressively segregate
from the mixture, consequently forming more distinct boundaries. Notably, compared to
DDMC,,ca, DDMC can establish clearer demarcations between data points from different
categories and foster a more compact distribution within the same category. These results

further attest to the effectiveness of cluster assignment.

4.4.5  Parameter Analysis

We further investigate the effect of the number of disentangled representations K and the
number of clusters T" of DDMC. We change K and T from 2 to 6. The results of DDMC
on Fruit and Fruit360 datasets under varying K and 7' are shown in Fig. 4.3 and Fig. 4.4,
respectively. Regarding parameter K, DDMC performs best when K = 2 for both Fruit
and Fruit360 datasets, and the performance decreases as K increases, indicating that K = 2
is the optimal choice for the datasets. Specifically, for the color clustering of the Fruit
dataset, performance experiences a significant downturn when K reaches 5 or 6. This can be

attributed to the introduction of excessive noise with an overly large K, thereby adversely
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Figure 4.4: Results of parameter sensitivity of 7.

affecting performance. Furthermore, for the parameter 7', the performance of DDMC initially
improves before declining as T" augments, with 7" = 3 generating the best outcomes. These

findings imply that an appropriate selection of the K or T value can enhance the effectiveness

of DDMC.

4.4.6  Efficiency Analysis

Here we analyze the efficiency of the deep multiple clustering methods. The experiments are
conducted on a server with a GPU GeForece RTX 2080Ti. We test the running time on the
Fruit dataset and the running time and related performance of color clustering are shown in
Fig. 4.5. The two fastest methods are DAC and DCN, that is because both of them are single
clustering learning methods and their module structure are simpler than the other multiple
clustering methods. For the other methods, we can find methods with longer running time
usually have better performance. DDMC can learn more effective image representations with

acceptable efficiency.
4.5 Summary

In this chapter, we present DDMC, a novel Dual-Disentangled deep Multiple Clustering

method that leverages disentangled representations for multiple clustering. DDMC employs
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Figure 4.5: Performance v.s. the running time (s) on Fruit dataset.

coarse-grained and fine-grained disentangled representations to reveal and disentangle the
latent factors hidden in data. In addition, it incorporates a cluster assignment module to
further enhance the effectiveness and robustness of multiple clusterings in cluster-level perfor-
mance. Furthermore, we formulate our method as a variational Expectation-Maximization
framework and derive the Evidence Lower Bound of the fine-grained disentanglement. Exten-
sive experiments on seven benchmark datasets demonstrate that DDMC attains state-of-the-
art performance in terms of multiple clustering performance and each individual clustering’s
performance. In future work, we intend to extend our methodology to manage more complex

data types and scenarios, such as multi-modal data.
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Chapter 5

MULTI-MODAL PROXY LEARNING TOWARDS
PERSONALIZED VISUAL MULTIPLE CLUSTERING

5.1 Background and Overview

Multiple clustering [8, 70] algorithms have been developed to generate different partitions
for varying applications, demonstrating the ability to identify multiple distinct clusterings
from a dataset. Contemporary advancements in the field reveal a growing inclination among
researchers to integrate deep learning methodologies for facilitating multiple clustering out-
comes. Predominantly, such techniques capitalize on auto-encoders and data augmentation
processes to capture a broad spectrum of feature dimensions, thereby enhancing the per-
formance of multiple clustering [102, 124, 174]. However, a common issue arises as users
often do not require all the clusterings generated by the algorithm, and identifying the rel-
evant ones necessitates a substantial understanding of each clustering result. Therefore, in
this work, we initiate an exploration into a method that is adept at accurately capturing
and reflecting a user’s interests. Users typically express their interests through concise key-
words (e.g., color or species), and aligning these with different visual components precisely
is challenging. Fortunately, the advent of multi-modal models like CLIP [121] that aligns
images to their corresponding text descriptions, can be helpful to fill this gap. However,
unlike methods that employ labeled data to fine-tune pre-trained models [45, 148], multiple
clustering frequently deals with environments marked by vague or undefined label categories
and amounts. Consequently, given only a high-level concept from the user, it is infeasible to
fine-tune the pre-trained models to capture a specific aspect of the data, without the detailed

labels corresponding to the user’s concept.

An intuitive strategy to integrate pre-trained models into clustering is the application of
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the high-level concepts from users and the reference words from GPT-4.

zero-shot feature extractions, followed by clustering of the resultant embeddings. However,
this approach exhibits limitations, particularly in capturing the interests of users within the
dataset. Taking the multi-modal model CLIP [121] as an example, when feeding image data
into CLIP, regardless of what aspects of clustering the user expects, CLIP can only produce
the same embeddings. Even considering the scenario that different pre-trained models can
capture different aspects of the same data as in [56], it is hard to tell which one matches a
user’s preference. Fortunately, given CLIP’s ability to model image-text pairs collaboratively,
we can use a user’s high-level concept to trigger the corresponding feature extraction from
the pre-trained encoders from CLIP. However, no previous work has studied if CLIP has the

potential to uncover different aspects of images, which is the focus of this work.

Specifically, we propose to integrate a user’s high-level concept describing the preference
using a personalized textual prompt. For example, if a user’s focus pertains to the color

dimension of fruit, a prospective prompt might be formulated as “a fruit with the color of
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*7  wherein the “*”

placeholder represents the proxy word awaiting determination using the
knowledge in CLIP. Thereafter, we can learn the proxy word embedding by maximizing the
similarity between the image and text embedding. However, the proxy word embedding
is now searched in a continuous space while the original CLIP uses discrete tokens, which
can downgrade the performance. We prove that the performance can be well guaranteed
by selecting the nearest token as the reference, which is however unavailable in a clustering
task.

Fortunately, we can use the user’s high-level concept as a reference, which however covers
a broad range of tokens under its scope. Therefore, we propose to leverage large language
models like GPT-4 to generate candidate tokens using the user’s high-level concept, in which
the closest can be used as a closer reference token. We formalize these queries through
a simple prompt template that takes the dataset-level object name and the user-specified
concept as inputs, as detailed in Sec. 5.3.1. Furthermore, in some scenarios, users may provide
multiple concepts to obtain multiple clusterings simultaneously as shown in Fig. 5.1, we can
also introduce a negative loss with these contrastive concepts to further enhance the learning.
Therefore, to capture a user’s specific interest and discover personalized clustering structure
hidden in the data, we propose a multi-modal proxy learning method (Multi-MaP). Multi-
MaP incorporates both text prompts and unlabeled images from the clustering task, and
leverages CLIP to acquire their respective personalized representations using both reference

word and concept-level constraints.

The contributions of this work can be summarized as

e We are the first to explore a deep multiple clustering method that can precisely capture

a user’s high-level interest(s) and generate personalized clustering(s) accordingly.

e We propose a novel multi-modal proxy learning method, Multi-MaP, by leveraging
the text and image encoders pre-trained by CLIP, where the user’s interests can be

captured by the personalized text prompts.
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e Considering the challenge of learning a word proxy in a continuous space while to-
kens in CLIP were discrete, we theoretically prove that a close reference token can
help constrain the search, which motivates the proposed reference word constraint and

concept-level constraint.

e Finally, to the best of our knowledge, we are the first who demonstrate that CLIP can

uncover different semantic aspects of images.
5.2 Preliminaries

5.2.1 Problem Formulation

Given a dataset X with N samples and users’ interests {u}X |, multi-modal proxy learn-
ing for multiple clustering aims to learn the representations for the images w.r.t. the
users’ interests. According to the learned representations, the dataset can be divided into
K(K > 1) clusterings {C*}X | with high quality and diversity. The k-th clustering, C* =
(Cr.Ck ..., C’]’\“/Ik), is a partition of X into M}, clusters corresponding to k-th users’ interests

ur .

5.2.2  Multi-modal Model

Multi-modal learning refers to the process of learning representations from different types
of input modalities, such as image data, text, or speech. Here we introduce two main parts
of multimodal deep learning, i.e, images supporting language models and models for both
modalities. Images supporting language models explain how CV models can benefit from
natural language as an extra source of supervision. These models are expected to be more
powerful than models that only use manual labels because they have more information in
the training data. A notable example of this is the CLIP model [121], which uses a new
dataset called WIT that contains 400 million text-image pairs from the internet. Besides,
Data2vec [10] is a multimodal self-supervised model that uses a single framework to process

speech, natural language, or visual information. This is different from earlier models that
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used different algorithms for different modalities. The main idea of data2vec is to predict
latent representations of the input data based on a masked view of the input, using a self-
distillation setup and a standard transformer architecture. The main improvement is in the
framework itself, not the architectures used. For example, the transformer architecture [145]
follows Vaswani et al. Transformers have several advantages over RNNs/CNNs;, especially
when using large amounts of data, making them the standard approach in vision-language
modeling. Flamingo [5] is a state-of-the-art few-shot learning model with 80B parameters,
which is much more than the other two models. It has a large language model in its archi-

tecture, which gives it the ability to generate text for open-ended tasks.

As related, we focus on how vision models can benefit from natural language supervi-
sion. CLIP [121] is a notable model, which is trained with a dataset containing 400 million
text-image pairs from the internet. The objective is to align images to their corresponding
text using contrastive learning. Fine-tuning approaches adapt vision-language models like
CLIP to specific downstream image recognition tasks. CoOp [192] and CLIP-Adapter [45]
exemplify this, with the latter integrating residual style feature blending to enhance perfor-
mance on various visual classification tasks. Additionally, insights from TeS [148], further
elucidate the effectiveness of fine-tuning strategies in leveraging natural language supervi-
sion for enhanced visual understanding. Recognizing the scarcity of labeled data for various
tasks, significant research efforts have been dedicated to enhancing zero-shot learning. Some
approaches extend beyond CLIP by incorporating other large pre-trained models. For in-
stance, VisDesc [101] harnesses the power of GPT-3 to generate comprehensive contextual
descriptions corresponding to given class names, thereby demonstrating superior performance
compared to CLIP’s basic prompts. UPL [73] and TPT [133] leverages unlabeled data to
optimize learnable input text prompts. InMaP [119] recovers the proxy of each class in the
vision space with the help of the text proxy. All of these methods aim to improve the per-
formance of vision classification tasks, while clustering is a different scenario in that we do
not have class names that we can exploit to extract useful information from CLIP. Despite

CLIP has shown its powerful performance in many tasks, it is unknown how to apply it to
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multiple clustering tasks.

Here we briefly review the training objective in CLIP. Given a set of image-text pairs
as {z;,t;}7_,, where x; is an image and t; is the corresponding text description, their vision
and text representations can be obtained by two encoders as x; = f(z;) and t; = h(t;). f(-)
and h(-) are vision and text encoders for optimization, where x; and t; have the unit norm.

Then, these two encoders can be learned by minimizing the contrastive loss as

S log P/ exp(t]x/7)
2T T e ) 1) S (e ) /7)

where 7 is the temperature. This contrastive loss aims to pull the image and its description
together while pushing away the irrelevant text [118], which enables the emerging multi-

modal applications, e.g., zero-shot transfer [121, 119], text-to-image generation [129], etc.
5.3 The Proposed Method

5.83.1 Multi-modal Proxy Learning

Given the pre-trained vision and text encoders from CLIP, this work takes one step further
to investigate if we can extract user-specific information from the alignment between images
and text.

Concretely, given an image of fruit [70] as shown in Fig. 6.1, some users may be interested
in only one specific property of the object, e.g., color. In this scenario, applying the vision
encoder to extract the representation for the whole image can miss the preferences of users.
To mitigate the problem, we propose to explore the proxy representation from the image
with the guidance from the text using users’ preference, named Multi-Modal Proxy learning
(Multi-MaP).

Recall that CLIP is pre-trained by images and text descriptions, where the text prompt
is “a photo of a fruit” for an image containing “fruit”. Now given a user’s preference (e.g.,
color), we can rewrite the prompt as “fruit with the color of *” denoted by ¢! for image z;,

R 3

where is the proxy word and its text embedding is w; that is learnable. More generally,
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for each dataset we first define a short noun phrase describing the object category (e.g.,

oM

“fruit”, “flower”, “car”, “playing card”, “face”). Given a user-specified high-level concept
u (e.g., “color”, “species”, “model”, “rank”, “suit”, “pose”, “emotion”), we instantiate a
natural-language prompt template that links the object and the concept and contains a
single slot “*” for the proxy word. For attribute-style concepts (such as color, pose, or suit)

we use prompts of the form
t7 = “a photo of a [object] with the [concept] of *”,

where [object] and [concept] are replaced by the dataset object name and the concept
name, respectively. For category-style concepts (such as species, identity, or model) we

instead use

tf = “a photo of a * [object]”.

)

Then, we can align image and text representations to obtain the appropriate proxy em-
bedding for users’ interests. Since there are no negative pairs, only the similarity between

positive pairs can be optimized as

L(wi) = =(f (), h(7)) (5.1)

where the vision and text encoders are frozen and w; is the only variable for learning as the
representation of the proxy word. By maximizing the similarity to the image representation,
Multi-MaP aims to learn the optimal text proxy according to the users’ interests.

However, it should be noted that the text encoder was pre-trained with discrete text
tokens, while the domain of w; in Eqn. 5.1 is unconstrained. Therefore, the text represen-
tation extracted from the frozen text encoder can be inaccurate for w; that degenerates the
performance, which is demonstrated in the following theory.

For the sake of simplicity, we assume h'(t) € R is defined on the whole set but only has the
right estimation on a discrete set as T = {t;} and the counterpart with the unconstrained

set is denoted as H(w). According to the definition, we have V¢ € T,h'(t) = H(t). The
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gap between the estimation from A’ and H on unconstrained variable w can be depicted as

follows.

Theorem 5.1 Given w & T and t € T, if assuming b’ and H are Ly and Ly-Lipschitz

continuous, we have
1W (w) = H(w)ll2 < (Ln + L)t — wl2
Proof 5.1 According to the definition, we have
1P/ (w) = H(w)l2 = [[A(w) = K'(t) + 1'(t) = H(w)|]2
< W (w) = B (@)ll2 + 1W(£) = H(w)]|2
= (1A (w) = ROl + [|1H (t) — H(w)]|2

< (Ln + L[|t = wll

Remark Theorem 5.1 implies that the distance of the estimation A/'(w) to the ground-truth
result H(w) is bounded by that of w to an arbitrary discrete token ¢. Therefore, by selecting
the nearest token as the reference, the bound can be improved as shown in the following

corollary.

Corollary 5.2 With the assumptions in Theorem 5.1 and letting t' = argmin; ||t; — w||2, we

have

|7 (w) — H(w)|l2 < (Ln + Lu)|[t" — w|l

Concept-level Constraint

According to the above analysis, a good reference t' can help significantly guarantee the
performance. Fortunately, the input concept (e.g., color) from the user can be leveraged as
the reference to constrain the freedom of the proxy word. Therefore, given the target concept
word u, we can obtain its embedding as u = h(u). Then, to learn appropriate representations

from the proxy embedding, the original problem can be rewritten with the constraint as

L(w;) = —(f(@),h(t) st [w, —uf3 < A

(2
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Figure 5.2: Multi-MaP framework. In the training process of Multi-MaP, the vision and text
encoders are frozen and the proxy word embeddings w; are learnable. Specifically, it first constructs
the prompt embeddings based on the reference words provided by GPT-4 using a user’s high-level
concept, and then selects a reference word z; for each image according to the similarity between
the prompt embeddings t; and the image embeddings x;. Then, it combines the prompt and the
reference words to form the new prompt embeddings t; and maximizes the similarity to the image

representation, so the proxy word embeddings w; can capture the desired image features.

The constrained problem is equivalent to
L(w;) = —(f(@:), h(t])) + alw; —ull3 (5.2)

following [16], which can be optimized effectively by gradient descent.

Constrained Optimization with Reference Word

However, it is well known that the user concept is often with a large scope covering a broad
range of words (e.g., color covers all including but not limited to ‘red’, ‘blue’, ‘green’; etc.).
As suggested by our above theoretical analysis, it is desired if the reference is as close as

possible. In a clustering scenario and given only the user’s high-level concept, it is challenging
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to find a closer reference word to further constrain the proxy learning. Fortunately, with the
development of large language models (LLMs), we can leverage them (e.g., GPT-4) to provide
relevant words according to a user’s high-level concept as the candidate set and develop a
selection strategy to obtain a closer reference word for each image. While the responses
gathered from GPT-4 might not always precisely align with the data’s ground truth, they

indisputably furnish valuable candidate features, enriching the capabilities of Multi-MaP.

To elucidate, considering the task of clustering a fruit dataset based on the concept of
color, we construct a natural-language instruction for GPT-4 using the following template:
“You are given an image clustering task. Each image contains a [object]. I am eager
to obtain a [concept]-based clustering result for [object]. Please list the most common
[concept]s of [object] as a comma-separated list of single English words.” For the Fruit
dataset with the concept “color”, the actual prompt becomes: “You are given an image
clustering task. Fach image contains a fruit. I am eager to obtain a color-based clustering
result for fruit. Please list the most common colors of fruit as a comma-separated list of
single English words.” GPT-4 then typically returns an answer such as “red, yellow, green,
orange, purple, blue”, which we treat as reference-word candidates. The same template is
reused for all datasets: we only replace [object] with the dataset-level noun phrase (e.g.,
“flower”, “playing card”, “car”, “face”) and [concept] with the user-specified high-level
concept (e.g., “species”, “pose”, “model”, “emotion”). In practice, small changes in wording
(for example, replacing “I am eager to obtain” with “I would like to get”) do not affect
the resulting candidate set, as long as the instruction explicitly asks GPT-4 to enumerate
typical [concept] values for the given [object]. All words returned by GPT-4 are collected
into the candidate reference set {zj}x, where, for example, z; = “red”, zp = “yellow”, etc.
Their text representations are then obtained from prompts ¢, such as “fruit with the color
of z;”. The shorter input fragment shown in Fig. 5.2 (e.g., “I am eager to get a color-based

clustering result for fruit”) is a part of this full prompt and is displayed only for illustration.
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Given the image x;, the closest reference can be observed as
z; = arg mgx(xi, tx) (5.3)

where t, = h(tx). After that, w; can be initialized with the embedding of z; as z; = h(z;).
Moreover, we change the regularization using a closer reference word compared to the high-

level concept as

L(wi) = —(f (), h(t))) + alw; — 2. (5.4)

After that, w; can be initialized with the embedding of z; as z; = h(z;). Moreover, we
change the regularization using a closer reference word compared to the high-level concept

as

L(wi) = —(f(xa), h(t))) + allwi — 243 (5.5)

Contrastive Concepts

In some application scenarios, one user may need more than one clustering and provide
high-level concepts as {u;}, e.g., uy: “color”, uy: “species”, etc. For the concept “color”,
the irrelevant concept “species” can be leveraged as the negative constraint for the learning
of proxy words. Concretely, let u,, denote the target concept word, a contrastive loss can be

adopted as regularization
exp(w, u,)

T

Bwi) = =Lt 5 e (wi )

and the final objective becomes

exp(wiT u,)
>, exp(w; uy)

L(wi) = —(f(x:), h(t])) + allwi — zi; — Blog (5.6)

where the first term is to infer the user-specific feature, while the latter two terms constrain
the proxy word to the reference words for the appropriate representation extraction from the

pre-trained text encoder. The overall framework of Multi-MaP is illustrated in Fig. 5.2.
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Table 5.1: Dataset Statistics.

Datasets # Samples # Clusters

ALOI 288 2;2
Card 8,029 13:4
CMUface 640 4;20;2:4
Fruit 105 3:3
Fruit360 4,856 4:4
Stanford Cars 1,200 4:3
Flowers 1,600 4:4

5.4 Experiments

To demonstrate our proposed method, we evaluate MultiMap on all publicly available im-
age datasets in multiple clustering, including ALOI [47], Stanford Cars [81], Card [174],
CMUface [57], Flowers [110], Fruit [70], and Fruit360 [174] as summarized in Table 5.1.

We compare MultiMap against five state-of-the-art methods: MSC [70] is a traditional
multiple clustering method that uses hand-crafted features; MCV [56] leverages multiple
feature extractors to represent different “views” of the same data and employs a multi-input
neural network to enhance clustering outcomes; ENRC [102] is a deep multiple clustering
method that integrates auto-encoder and clustering objective to generate different cluster-
ings; iMClusts [124] makes use of the expressive representational power of deep autoen-
coders and multi-head attention to accomplish multiple clusterings; AugDMC [174] lever-

ages augmentations to learn different image representations to achieve multiple clustering.

5.4.1 FExperiment Setup

We employ Adam and set momentum as 0.9 to train the model for 1000 epochs. All hyper-
parameters are searched according to the loss score of MultiMap, where the learning rate is

searched in {0.1,0.05,0.01,0.005,0.001,0.0005}, weight decay is in {0.0005,0.0001,0.00005,
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Table 5.2: Quantitative comparison. The significantly best results with 95% confidence are in bold.

MSC MCV ENRC iMClusts AugDMC MultiMap
NMI RI NMI RI NMI RI NMI RI NMI RI NMI RI

Dataset Clustering

Color 0.1563 0.3428 0.6982 0.7439 0.9833 0.9892 1.0000 1.0000 1.0000 1.0000 1.0000  1.0000

ALOI
Shape 0.2968 0.5199 0.7359 0.8261 0.9732 0.9861 0.9963 0.9989 1.0000 1.0000 1.0000  1.0000
Frui Color 0.6886 0.8051 0.6266 0.7685 0.7103 0.8511 0.7351 0.8632 0.8517 0.9108 0.8619 0.9526
Tuit
Species 0.1627 0.6045 0.2733 0.6597 0.3187 0.6536 0.3029 0.6743 0.3546 0.7399 1.0000 1.0000
Fruit360 Color 0.2544 0.6054 0.3776 0.6791 0.4264 0.6868 0.4097 0.6841 0.4594 0.7392 0.6239 0.8243
Tuit
Species 0.2184 0.5805 0.2985 0.6176 0.4142 0.6984 0.3861 0.6732 0.5139 0.7430 0.5284 0.7582
Cord Order 0.0807 0.7805 0.0792 0.7128 0.1225 0.7313 0.1144 0.7658 0.1440 0.8267 0.3653 0.8587
ard
Suits 0.0497 0.3587 0.0430 0.3638 0.0676 0.3801 0.0716 0.3715 0.0873 0.4228 0.2734 0.7039
Emotion | 0.1284 0.6736 0.1433 0.5268 0.1592 0.6630 0.0422 0.5932 0.0161 0.5367 0.1786 0.7105
Glass 0.1420 0.5745 0.1201 0.4905 0.1493 0.6209 0.1929 0.5627 0.1039 0.5361 0.3402 0.7068
CMUface

Identity | 0.3892 0.7326 0.4637 0.6247 0.5607 0.7635 0.5109 0.8260 0.5875 0.8334 0.6625 0.9496
Pose 0.3687 0.6322 0.3254 0.6028 0.2290 0.5029 0.4437 0.6114 0.1320 0.5517 0.4693 0.6624

Stanford C Color 0.2331 0.6158 0.2103 0.5802 0.2465 0.6779 0.2336 0.6552 0.2736 0.7525 0.7360 0.9193
tanford Cars
Type 0.1325 0.5336 0.1650 0.5634 0.2063 0.6217 0.1963 0.5643 0.2364 0.7356 0.6355 0.8399

- Color 0.2561 0.5965 0.2938 0.5860 0.3329 0.6214 0.3169 0.6127 0.3556 0.6931 0.6426 0.7984
owers
Species | 0.1326 0.5273 0.1561 0.6065 0.1894 0.6195 0.1887 0.6077 0.1996 0.6227 0.6013 0.8103

0.00001,0}, o, B are in {0.0,0.1,0.2,...,1.0}, and X is fixed as 1 for all the experiments.
For the non pre-trained methods, we perform k-means [97] 10 times due to its randomness
and evaluate the average clustering performance using two quantitative metrics, that is,
Normalized Mutual Information (NMI) [156] and Rand index (RI) [122]. These measures
range in [0, 1], and higher scores imply more accurate clustering results. The experiments

are conducted with GPU NVIDIA GeForce RTX 2080 Ti.

It should also be noted that some data are difficult to obtain corresponding candidate
labels from GPT-4 or the labels do not provide semantic features, such as names. For
example, for the identity clustering for the CMUface dataset [57], different identities represent
different people and the semantic meaning of names should not affect the clustering results.
In this case, we randomly extract 10 words from WordNet [40] as reference words, in order

to make the candidate labels more distinctive. For instance, we randomly choose “abstain,
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candid, function, haphazard, knot, luxury, nonchalance, pension, resilience, taciturn” for
the above scenario. Furthermore, all publicly available multiple clustering datasets provide
each ground-truth clustering a high-level concept, e.g., ‘shape’, ‘pose’, etc. Therefore, in the

experiment, we directly use them as users’ preferences for our evaluation purposes.

5.4.2  Performance Comparison

In our experiments, after we obtain the proxy word embedding of each image for a desired
concept, we feed them to k-means to obtain the corresponding clustering. Since k-means is
random, we repeat ten times and the average performance is reported in Table 5.2. The best
results are marked by bold numbers.

We can observe that MultiMap outperforms the baselines in all the cases, indicating the
superiority of the proposed method. This also shows a strong generalization ability of the
pre-trained model by CLIP, which can capture the features of data in different aspects.

Since our method uses the CLIP encoder and GPT-4 to obtain clustering results, a
natural question arises how the performance would be if we directly use them in a zero-short
manner. Therefore, we provide two zero-shot variants of CLIP, that is, CLIPgpr that uses
GPT-4 to obtain the candidate labels and predicts labels through zero-shot classification
with all candidate labels as class names, and CLIP,;,. that performs zero-shot classification
with all ground truth labels. It should be noted that CLIP,;. uses an unfair setting with a
ground-truth label set known in advance, which is expected to provide the best performance
using CLIP in a zero-short manner. The results are shown in Table 5.3.

As expected, CLIP,,e achieves better performance than CLIPgpr in almost all cases,
since CLIPpp,e uses a fixed ground truth label set, while CLIPgpr uses candidate labels
that may not match the ground truth exactly, introducing noise. Note that CLIPgpr and
CLIPy,pe achieve the same results on Cards, because the candidate labels provided by GPT-4
are exactly the same as the true labels.

Besides, MultiMap performs better than CLIPgpr in almost all cases, indicating that the

proposed method can learn more effective features through its training process. Moreover,
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Table 5.3: Variants of CLIP. The significantly best results with 95% confidence are in bold.

CLIPGPT CLIP].dbe] Multhap

Dataset Clustering
NMI RI NMI RI NMI RI

Color 0.8581 0.9407 1.0000  1.0000  1.0000  1.0000

ALOI
Shape 1.0000 1.0000 1.0000 1.0000 1.0000  1.0000
Color 0.7912 0.9075 0.8629 0.9780 0.8619 0.9526
Fruit
Species | 0.9793 0.9919 1.0000  1.0000  1.0000  1.0000
Color 0.5613 0.7305 0.5746 0.7673 0.6239 0.8243
Fruit360
Species | 0.4370 0.7552 0.5364 0.7631 0.5284 0.7582
Cord Order 0.3518 0.8458 0.3518 0.8458 0.3653 0.8587
ar
Suits 0.2711 0.6123 0.2711 0.6123 0.2734 0.7039
Emotion | 0.1576 0.6532 0.1590 0.6619 0.1786 0.7105
Glass 0.2905 0.6869 0.4686 0.7505 0.3402 0.7068
CMUface

Identity | 0.1998 0.6388 0.2677 0.7545 0.6625 0.9496
Pose 0.4088 0.6473 0.4691 0.6409 0.4693 0.6624

Color 0.6539 0.8237 0.6830 0.8642 0.7360 0.9193
Type 0.6207 0.7931 0.6429 0.8456 0.6355 0.8399

Stanford Cars

Color 0.5653 0.7629 0.5828 0.7836 0.6426 0.7984
Species | 0.5620 0.7553 0.6019 0.7996 0.6013 0.8103

Flowers

although CLIPy,e uses the ground truth, which is expected to be the best, MultiMap still
outperforms CLIP},1,¢ in some cases, such as the clustering of color for Fruit360 dataset. This
is because CLIP is more inclined to capture the features of one aspect of the data, while
MultiMap learns better embedding of different aspects by training with the supervision of
users’ interests. Furthermore, MultiMap also achieves very competitive results as CLIP e

in the remaining cases, which further demonstrates the effectiveness of the proposed method.

5.4.83  Ablation Study

To validate the effectiveness of the proposed method, we show the gain from four components
in MultiMap in Table 5.4. Let “MultiMap,” denote the proxy learning without concept-

level constraint, “MultiMap,.” denote the variant optimized by solely applying concept word
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Table 5.4: Components ablation. All of our components boost performance consistently in all

benchmark multi-clustering vision tasks.

MultiMap,, MultiMap, MultiMap, MultiMap,, MultiMap
Proxy Learning v v v v v
Concept Word X v X v v
Modules
Reference Word X X v v v
Contrastive Concepts X X X X v
NMI+ RIf | NMIf RIt | NMIt R+ | NMIf  RIf | NMI4  RIt
ALOT [47] Color 0.9619 0.9826 | 1.0000 1.0000 | 0.9795 0.9869 | 1.0000 1.0000 | 1.0000  1.0000
Shape 1.0000 1.0000 | 1.0000 1.0000 | 1.0000 1.0000 | 1.0000 1.0000 | 1.0000  1.0000
B (7o) Color 0.7642 0.8439 | 0.8215 0.9283 | 0.8136 0.9073 | 0.8484 0.9308 | 0.8619 0.9526
ruit
Species 1.0000 1.0000 | 1.0000 1.0000 | 1.0000 1.0000 | 1.0000 1.0000 | 1.0000  1.0000
Color 0.5643 0.7665 | 0.6217 0.7836 | 0.5910 0.7746 | 0.6089 0.7965 | 0.6239 0.8243
Fruit360 [174]
Species 0.5077 0.7368 | 0.5137 0.7436 | 0.5094 0.7425 | 0.5199 0.7428 | 0.5284 0.7582
Card [174] Order 0.1932 0.8152 | 0.3568 0.8472 | 0.3113 0.8229 | 0.3616 0.8094 | 0.3653 0.8587
ar
Suits 0.2375  0.6282 | 0.2696 0.6641 | 0.2498 0.6365 | 0.2562 0.6599 | 0.2734 0.7039
Emotion 0.1690 0.6170 | 0.1714 0.6229 | 0.1697 0.6360 | 0.1713 0.6843 | 0.1786 0.7105
Glass 0.3112 0.6911 | 0.3269 0.7136 | 0.3162 0.6917 | 0.3370 0.7108 | 0.3402 0.7068
CMUface [57]
Identity 0.5617 0.8234 | 0.6243 0.8359 | 0.5839 0.8263 | 0.6391 0.8946 | 0.6625 0.9496
Pose 0.4361 0.6386 | 0.4550 0.6499 | 0.4381 0.6429 | 0.4387 0.6489 | 0.4693 0.6624
Color 0.5939 0.7835 | 0.6836 0.8659 | 0.6729 0.8638 | 0.7112 0.9117 | 0.7360 0.9193
Stanford cars [81]
Type 0.5569 0.7996 | 0.6383 0.8271 | 0.6091 0.8046 | 0.6289 0.8181 | 0.6355 0.8399
Color 0.5783 0.7723 | 0.5830 0.7833 | 0.5987 0.7849 | 0.6216 0.7941 | 0.6426 0.7984
Flowers [110]
Species 0.5704 0.7608 | 0.5744 0.7842 | 0.5723 0.7811 | 0.5846 0.7892 | 0.6013 0.8103

to constrain the freedom of the proxy word, “MultiMap,” denote the variant optimized
by reference word provided by GPT-4 to find a closer reference word to further constrain
the proxy learning, and “MultiMap.,.” denote the variant leveraged both concept word and

reference word.

We can observe that the proxy learning only with concept word or reference word, i.e.,
MultiMap,. and MultiMap,, performs better than MultiMap,. This shows that the pro-

posed concept-level constraint and constrained optimization with reference words play an
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Figure 5.5: Parameter analysis of « and 8 on Fruit [70].

important role in the model as demonstrated by our theoretical analysis. Moreover, the
model with combined components, i.e, MultiMap,,., achieves better results than MultiMap,.
and MultiMap.. This indicates the effectiveness of the combination of reference words and
reference concepts. Finally, our proposal using all including the contrastive concepts can
further improve the performance, and thus provide the best results on all cases. This further

demonstrates our proposal.

5.4.4 Parameter Analysis

We further investigate the effect of the reference word constraint weight av and concept-level
constraint weight § varying from 0.0 to 0.5. The results of MultiMap on Fruit datasets
are shown in Fig. 5.5 (a) and Fig. 5.5 (b), respectively. As a and [ change, the proposed
method keeps a species score of 1, since the image encoder can capture very effective species
features. The above results also show that the proposed method can effectively capture useful
information from images, reference words, and target concepts. As « increases, the proposed
method first increases and then decreases, and reaches the maximum values at a=0.4. Similar
results can be observed for S that the performance of the proposed method first increases
and then decreases as ( increases, and reaches the maximum values at §=0.3. Indicating
a suitable value of a or 3 is helpful for MultiMap to obtain more effective embeddings

for multiple clustering tasks. More studies such as efficiency analysis can be found in the
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supplementary.

5.4.5  Visualization

To further demonstrate the effectiveness of the proposed method, we visualize the repre-
sentations obtained in CLIP),, CLIPgpT, and MultiMap. Specifically, for CLIP,,e and
CLIPgpr, we visualize the image representations as well as prompts generated with real la-
bels and candidate labels, respectively. For the MultiMap, we visualize the word embedding
w, and the candidate labels selected for initialization. The results are shown in Fig. 5.6.

For species clustering, we can see that image embeddings show very clear boundaries and
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correspond well to the prompt for CLIP),}, which indicates that CLIP can effectively cap-
ture the features of the species in the data. CLIPgpt uses the candidate labels to generate
prompts, which introduces more noise, but benefits from the CLIP text encoder, the image
embedding can keep a relatively far distance from most of the irrelevant prompts. However,
since there are still a few images that are labeled as peaches (i.e., a noisy label), it performs
slightly worse than CLIP).pe1, as shown in Fig. 5.6(e). Besides, MultiMap can capture the
image and users’ interests in the training process, therefore it compensates for the shortcom-
ings of CLIPgpr and achieves better results. On the other hand, for color clustering, the
prompts are farther away from CLIP),,e and CLIPgpr, that indicates the image embeddings
mainly capture the features of species, which have no direct connection with color. CLIPgpr
generates the prompt from the candidate label, which has more noise than the ground truth
label, resulting in worse performance than CLIP),,.. The proposed method can distinguish
different colors more clearly, because it can learn from the user’s interest and capture the
color-related features. However, some red color embeddings are closer to purple, because
some images in the datasets are actually purple, but labeled as red. To sum up, the pro-
posed method can learn more effective embeddings based on the users’ interests for multiple

clustering tasks.
5.5 Summary

In the chapter, we investigates the significant challenges that current advanced deep learning
techniques face in multiple clustering. A key issue is that users often do not need every
clustering result produced by an algorithm, and selecting the most relevant one requires an
in-depth understanding of each outcome. To overcome this challenge, the proposed method
introduces a novel multi-modal proxy learning process, which effectively aligns a user’s brief
keyword describing the interest with the corresponding vision components. By integrating
a multi-modal model and GPT-4 to precisely capture a user’s interest using a keyword,
the proposed approach uses both reference word constraint and concept-level constraint to

discover personalized clustering result(s), which can also lead to enhanced performance.
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Experiments on diverse datasets demonstrate the superiority of the proposed method in
multiple clustering tasks with a precise capture of a user’s interest. The proposed method
is limited by data with semantic meaningful labels, although we can use WordNet to help,

whose comprehensive study will be our future work.
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Chapter 6

CUSTOMIZED MULTIPLE CLUSTERING VIA
MULTI-MODALSUBSPACE PROXY LEARNING

6.1 Background and Overview

Although methods like Multi-MaP leverage models such as CLIP to pull textual and visual
embeddings toward a user’s high-level concept, they face two real-world limitations: (i) they
often require users to provide a contrastive concept distinct from the desired one, which is
neither feasible nor user-guided in many settings; and (ii) their clustering quality is capped by
a decoupled pipeline in which representation learning and clustering are performed separately
(e.g., proxy learning followed by k-means). This separation introduces inefficiencies, prevents
mutual refinement between representation and partition, and reduces the system’s ability to
adapt dynamically to user-specific requirements—ultimately yielding a less intuitive, less
user-guided clustering experience.

This chapter builds on the previous chapter’s Multi-MaP framework, we propose a multi-
modal subspace proxy learning method that turns a user’s high-level concept into a low-
dimensional text-conditioned subspace. Using LLMs (e.g., GPT-4) to surface reference words
as subspace bases, the method learns per-image proxy representations as combinations within
this subspace and jointly optimizes them with a clustering objective. By performing clus-
tering directly in the learned feature space, the approach removes the need for explicit con-
trastive concepts, improves efficiency, and enhances clustering quality while better honoring

user intent.
Concretely, Multi-Sub assumes that image and text embeddings relevant to a user’s con-
cept lie in (or are well-approximated by) a concept-conditioned subspace spanned by LLM-

proposed reference words. Each image learns a soft proxy in this subspace that is aligned
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with the visual encoder and regularized by the textual bases; in parallel, a clustering-aware
loss optimizes both representation and partition. This end-to-end scheme couples what to
represent (concept-aligned features) with how to partition (cluster assignments), thereby

eliminating the sub-optimality of two-stage pipelines.

é[’?em&.QE

Multi-Sub ﬁ Which aspect would you like to group?

User ﬁ I would like to group by color. ]

Expert Common colors of fruit include red, yellow,
green, orange, purple, and blue.

Multi-Sub I have learned the embedding of each image in
the subspace spanned by the reference words.

—————————————————————————————————————

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

Figure 6.1: The workflow of Multi-Sub, which derives a desired clustering by learning a concept-
conditioned subspace spanned by reference words (from GPT-4) and jointly optimizing representa-

tions and cluster assignments.

The contributions of this work can be summarized as

e We propose Multi-Sub, a concept-conditioned multi-modal subspace proxy framework
that turns a user’s high-level textual preference into a low-dimensional text-conditioned
subspace spanned by LLM-derived reference words, and learns per-image proxies within

this subspace without requiring user-specified contrastive concepts.

e We design an end-to-end optimization scheme that couples proxy learning with clus-
tering: a partially trainable CLIP image head aligns visual features with subspace

proxies, while a clustering-aware objective (with intra- and inter-cluster terms) refines
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the projection layer, thereby eliminating the sub-optimality of decoupled “proxy-then-

k-means” pipelines.

e We conduct extensive experiments on all publicly available visual multiple-clustering
benchmarks (and an additional CIFAR-10 variant), together with ablations on subspace
construction and text encoders, demonstrating that Multi-Sub precisely captures user
interests and achieves state-of-the-art or highly competitive performance across diverse

settings.
6.2 Preliminaries

In this chapter we focus on user—conditioned multiple clustering of images under high—level
textual concepts. This section introduces the basic setting, notation, and multi-modal com-

ponents that later sections build upon.

6.2.1 User-Conditioned Multiple Clustering

Let X = {z;}¥, denote a collection of images. Classical multiple clustering aims to construct
several distinct partitions of X, each reflecting a different latent aspect of the data (e.g.,
shape, texture, pose) without direct user guidance. In contrast, we assume that a user

expresses interests through a small set of high—level textual concepts
U={uW u?, . Y (6.1)

where each u® is a short phrase such as “color”, “species”, “rank”, or “emotion”. For each

concept u'®), our goal is to obtain a corresponding clustering
k k
¢ =1co,. .. o), (6.2)

where {C’,gf) My forms a partition of X and groups images that are similar under concept
u® . Crucially, we do not assume that the user provides explicit class names, the number of

clusters, or contrastive concepts; the only supervision is the concept itself.
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From a representation—learning perspective, this setting can be viewed as follows: for

each concept u®), we wish to learn a concept-aligned representation
v e R (6.3)

for every image z;, such that clustering in {ng)}i]il yields C*®) that faithfully reflects the in-
tended aspect. Different concepts should induce different representations and, consequently,

diverse clusterings on the same underlying dataset.

6.2.2 Vision-Language Encoders

To connect user—provided textual concepts with image data, we build on large—scale vi-
sion-language models such as CLIP, ALIGN, or BLIP [121, 10, 5]. These models consist
of an image encoder f(-) and a text encoder h(-) that map images and texts into a shared
embedding space:

x; = f(z;) €R™,  t=h(t) € R%, (6.4)

where cosine similarity between x; and t reflects cross—modal semantic affinity. The encoders
are typically pre-trained with a contrastive objective on large collections of image—text pairs,
enabling zero-shot transfer to downstream tasks using only textual descriptions.

In our setting, short text fragments play multiple roles: they describe the dataset—level
object category (e.g., “fruit”, “flower”, “playing card”, “car”), express the user’s high—level
concept (e.g., “color”, “species” ), and serve as anchors for more fine—grained reference words.
We denote by ¢(-) the token-embedding function associated with the text encoder, so that
¢(w) is the embedding of a single word token w. The combination of f(), h(-), and ¢(-)
gives us a unified space in which both images and concept-related words can be compared

and combined.

6.3 The Proposed Method

Given a dataset of images {x;}! , and user-defined preferences for data grouping (such as

color and species), our goal is to generate clustering results that are specifically tailored to
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Figure 6.2: In Multi-Sub framework, Phase I (Proxy Learning and Alignment) processes each image
x; with user-defined textual prompts through a partially learnable image encoder (with a learnable
projection layer) and a frozen text encoder. The latent factor p; calculates weights {a; ; }1_ | based
on the similarity to reference word embeddings {zi}szl, which are then aggregated to form the
proxy word embedding w;. This proxy word embedding, combined with the image representation
x;, establishes the Aligned Feature Subspace for better alignment between the text and image under
the user’s interest. In Phase II (Clustering), given the learned proxy word embeddings {w;} from
Phase I to form pseudo-labels, the projection layer of the image encoder is further refined using the

clustering loss.

each preference. Thereafter, end users can directly use them for different application pur-
poses without additional manual selection efforts. This process poses significant challenges,
as it requires accurately aligning the complex, multi-dimensional data of images with the
subjective and varied textual preferences of users. Traditional clustering methods often fail
to capture these nuances, leading to a generic and less informative categorization for specific

user applications.

Recently, the CLIP model [121] facilitated a more natural alignment between textual in-
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terests and visual representations. Our method, Multi-Sub, extends this alignment through
a novel multi-modal subspace proxy learning approach. Fig. 6.2 outlines the overall frame-
work of Multi-Sub, which is tailored to capture and respond to the diverse interests of users
in clustering tasks. Multi-Sub employs a two-phase iterative approach to align and cluster

images based on user-defined preferences such as color and species as described below.

6.3.1 Background: Multi-Modal Pre-Training in CLIP

Let {x;,t;}, be a set of image-text pairs, where z; denotes an image and t; denotes its
corresponding text description. We can obtain the vision and text representations of each
pair by applying two encoders, f(-) and h(-), as x; = f(x;) and t; = h(t;). Both f(-) and
h(-) are encoders that optimize the vision and text representations, respectively, such that
x; and t; are unit vectors. The primary goal during this pre-training phase is to minimize

the contrastive loss, formulated as

S exp(x t/7) o s, exp(ty x;/7)

where 7 is a temperature parameter. The contrastive loss encourages the alignment of

mmz exp X, t;/7) o exp(t; x;/7) (6.5)

the image and its description while penalizing the similarity of the image with irrelevant
texts [118]. The efficacy of this contrastive approach is vital for the subsequent phases of
proxy word learning and fine-grained clustering, as it ensures that the foundational embed-

dings accurately reflect the inherent content and context of each modality.

6.3.2 Subspace Proxy Word Representation

We build upon the pre-trained image and text encoders from CLIP and investigate whether
we can leverage the image-text alignment to extract user-specific information. Specifically,
given a fruit image [70] as illustrated in Fig. 6.2, different users may have different interests of
its attributes, such as color, species, etc. However, the pre-trained image encoder in CLIP can

only produce a single image embedding, which may not capture a user’s interest exactly, not
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mentioning capturing different aspects. Furthermore, unlike classification tasks, clustering
tasks do not come with concrete cluster names or numbers. Therefore, we cannot directly

use the pre-trained text encoder of CLIP to generate the corresponding text embedding.

To address these challenges, we propose a subspace proxy word learning method to learn
new embedding under the preferred aspect provided by the user. Thereafter, the main
challenge is, given only a high-level concept like ‘color’ as in Fig. 6.2, how to effectively
represent its subspace. Since the high-level concept itself cannot reflect different details
under this concept in different images, it is difficult to do effective alignment between the
high-level concept and images to figure out the corresponding vision subspace. Therefore, we
propose to figure out the text subspace at first. Concretely, given pre-trained large language
models like GPT-4 as low-cost experts, we can quickly gather common categories under a
high-level concept using only one query like ‘what are the common fruit colors’ in Fig. 6.2.
However, we cannot directly use the returned categories to do grouping, since they may not
cover all existing categories in the data. Instead, we consider that most categories in the
data under this concept are residing in the same subspace as the returned ones. Therefore,
we can apply suggested categories as basis or reference words in the subspace. Then, each
image’s category under the desired concept can be represented by a linear combination of

these reference words.

Assuming GPT-4 provides K reference words as {z }X_,, the proxy word of image z; can

be calculated as

Wi =Y () (6.6)

where ¢(z;) is the token embedding of reference word z;, and {a;;}X | are weights corre-
sponding to each reference word as a basis. A higher weight a; indicates that the image
x;’s category is closer to the reference word z,. Here, we introduce trainable latent factor p;

to learn the weight a; 5, and it can be calculated as
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exp (pizx)

Qi =
> exp (piz;)

)

(6.7)

where z;, = ¢(z;). Thereafter, w; is representing the token embedding of image x;’s proxy
word under the preferred user concept. Once p; is well obtained, the image’s proxy word
representation under the preferred user concept is also obtained. Next, we discuss how to

learn p; using CLIP.

6.3.3  Multi-Modal Subspace Proxy Learning

As mentioned above, CLIP’s text and image encoders were learned by aligning the text
prompt with its corresponding image. The standard text prompt of CLIP is designed as “a
photo of a fruit” for an image containing “fruit”. Now, given a user’s preference (e.g., color),
we can rewrite the prompt as “a fruit with the color of *” denoted by t! for image x;, where
“*” is the placeholder for the unknown proxy word of image x; under concept ‘color’ and its
token embedding w; can be formulated as the linear superposition of reference words’ token

embeddings as discussed above.

Thereafter, the prompt text embedding after the text encoder can be formulated as

t; = h(o(t;) | o(wi)) (6.8)

To effectively learn p;, the trainable latent factors, we utilize the alignment capabilities
of CLIP by adjusting these factors so that the weighted sum of reference word embeddings
closely aligns with the visual representation of the image. This process involves iteratively
adjusting p; to maximize the cosine similarity between the image’s representation x; and its
corresponding proxy word embedding w;. The optimization is conducted with the following

loss function:

L(wi) = =(f (i), h(o(t) || p(wi))) (6.9)
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It should be noted that this optimization procedure can be conducted with both the text
encoder and image encoder frozen, which is very efficient. However, the image embedding
extracted directly from the pre-trained image encoder may not reflect its representation
under the desired user interest. Therefore, during the optimization procedure, we do freeze
the text encoder but open the image encoder. Nevertheless, to preserve the strong capacity
of the pre-trained image encoder in CLIP, we open only the projection layer of the image

encoder, while its remaining parameters are frozen as shown in the ‘Phase I' of Fig. 6.2.

6.3.4 Clustering Loss

To enhance the clustering performance of Multi-Sub, in ‘Phase IT’, we leverage pseudo-labels
assigned using the currently learned proxy word embeddings {w;} and image embeddings
{x;} from ‘Phase I'. Concretely, each image z; can be represented by the concatenation
of its currently learned proxy word embedding w; and image embedding x;, denoted as
v; = [w;,x;]. The pseudo-labels can be obtained by an offline k-means on {v;}, which is
however not efficient. Considering that proxy words for data points within the same cluster
should show similar relationships to reference words, we obtain the pseudo-labels using the
highest cosine similarity between the currently learned proxy word embeddings {w;} and the

reference word embeddings {zy}.

Given the pseudo-labels, the image embeddings can be further optimized by opening
only the projection layer of the image encoder for improved compactness and separability in
clusters. This loss consists of two primary components: intra-cluster loss and inter-cluster
loss, aimed at refining cluster cohesion and separation, respectively. It should be noted that
to better represent each image under the desired user concept, we define the clustering loss

over v; containing both textual and visual information.

Intra-cluster Loss: The intra-cluster loss is designed to minimize the distances between

embeddings within the same cluster, encouraging cluster compactness. It is calculated using
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the following formula:

1
Lintra = N Z [vi — ;7 (6.10)

1,jE€intra
Here, ||v; — v;||? is the squared Euclidean distance between embeddings x; and x; of data
points ¢ and j within the same cluster, and N, denotes the number of intra-cluster pairs.
Inter-cluster Loss: This component aims to maximize the distances between embed-
dings from different clusters, thus enhancing separability. The inter-cluster loss is defined by

a margin-based hinge loss as follows:

1

/Cinter = m Z maX(O,m - ||VZ - Vj”) (611)

i,jEinter
where max(0, m—||v;—v;||) computes the hinge loss for each pair of embeddings from different
clusters, ensuring a minimum margin m between them. Ny, is the count of inter-cluster
pairs.

Total Loss: The overall clustering loss combines the intra- and inter-cluster losses,

moderated by a balancing factor A:
Etotal =A- Eintra + (1 - )\) : ﬁinter (612)

Optimizing this loss function in ‘Phase II” helps regularize the embedding space where clusters
are both internally dense and well-separated from each other. It should be noted that in this
phase we aim to learn a better projection layer only for the image encoder, while all others
are fixed as shown in ‘Phase I’ of Fig. 6.2.

Previous methods often use a two-stage strategy that separates representation learning
and clustering to simplify the optimization process. This separation, however, can lead to
sub-optimal clustering results, since the learned representations may not be fully aligned
with the clustering objective without refinement. In this work, we obtain both the proxy
word and the clustering alternatively and simultaneously. Concretely, we first learn the
proxy word in a user-preferred subspace. Then, we fix the proxy word and refine the image

encoder further to obtain better image representations using the clustering objective. These



30

Table 6.1: Dataset Statistics.

Datasets # Samples # Hand-crafted features # Clusters
Standford Cars 1,200 wheelbase length; body shape; color histogram 4;3
Card 8,029 symbol shapes; color distribution 13;4

CMUface 640 HOG; edge maps 4;20;2:4

Fruit 105 shape descriptors; color histogram 3;3
Fruit360 4,856 shape descriptors; color histogram 4:4
Flowers 1,600 petal shape; color histogram 4:4
CIFAR-10 60,000 edge detection; color histograms; shape descriptors 2:3

two phases are repeated alternatively until convergence, where ‘Phase I’ learns 100 epochs
and ‘Phase II’ learns 10 epochs in each alternating according to the empirical experience as

summarized in Fig. 6.2.

6.4 Experiments

Datasets To demonstrate the effectiveness of Multi-Sub, we evaluate the proposed method
on almost all publicly available visual datasets commonly used in multiple clustering tasks [182],
including Stanford Cars [177], Card [174], CMUface [57], Flowers [177], Fruit [70] and
Fruit360 [174]. Stanford Cars contains two different clustering types, one for car color
(e.g., red, blue, black) and one for car type (e.g., sedan, SUV, convertible), comprising
1,200 annotated car images. Card includes 8,029 images of playing cards, with two clus-
tering types: one based on rank (e.g., Ace, King, Queen) and another on suit (e.g., clubs,
diamonds, hearts, spades). CMUface provides 640 facial images with clustering options
for pose (e.g., front-facing, side-facing), identity, glasses (with/without), and emotion (e.g.,
happy, neutral, sad). Flowers comprises 1,600 flower images with two clustering types: one
for color (e.g., red, blue, yellow) and another for species (e.g., iris, aster). Fruit includes

105 images of fruits with two clustering criteria: species (e.g., apples, bananas, grapes) and
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Table 6.2: Quantitative comparison. The significantly best results with 95% confidence are in bold.

MSC MCV ENRC iMClusts AugDMC DDMC Multi-MaP Multi-Sub

Dataset Clustering
NMIt  RIf NMIt RIf NMIt RIt NMIt RIf NMIt RIt NMIt RIt NMIt RIt  NMIT RIT

Color 0.6886 0.8051 0.6266 0.7685 0.7103 0.8511 0.7351 0.8632 0.8517 0.9108 0.8973 0.9383 0.8619 0.9526 0.9693 0.9964

Fruit
Species 0.1627 0.6045 0.2733 0.6597 0.3187 0.6536 0.3029 0.6743 0.3546 0.7399 0.3764 0.7621 1.0000 1.0000 1.0000 1.0000
Color 0.2544 0.6054 0.3776 0.6791 0.4264 0.6868 0.4097 0.6841 0.4594 0.7392 0.4981 0.7472 0.6239 0.8243 0.6654 0.8821
Fruit360
Species 0.2184 0.5805 0.2985 0.6176 0.4142 0.6984 0.3861 0.6732 0.5139 0.7430 0.5292 0.7703 0.5284 0.7582 0.6123 0.8504
o Order 0.0807 0.7805 0.0792 0.7128 0.1225 0.7313 0.1144 0.7658 0.1440 0.8267 0.1563 0.8326 0.3653 0.8587 0.3921 0.8842
Jard
Suits 0.0497 0.3587 0.0430 0.3638 0.0676 0.3801 0.0716 0.3715 0.0873 0.4228 0.0933 0.6469 0.2734 0.7039 0.3104 0.7941
Emotion 0.1284 0.6736 0.1433 0.5268 0.1592 0.6630 0.0422 0.5932 0.0161 0.5367 0.1726 0.7593 0.1786 0.7105 0.2053 0.8527
CMUE Glass 0.1420 0.5745 0.1201 0.4905 0.1493 0.6209 0.1929 0.5627 0.1039 0.5361 0.2261 0.7663 0.3402 0.7068 0.4870 0.8324
ace

Identity 0.3892 0.7326 0.4637 0.6247 0.5607 0.7635 0.5109 0.8260 0.5875 0.8334 0.6360 0.8907 0.6625 0.9496 0.7441 0.9834
Pose 0.3687 0.6322 0.3254 0.6028 0.2290 0.5029 0.4437 0.6114 0.1320 0.5517 0.4526 0.7904 0.4693 0.6624 0.5923 0.8736

Stanford C Color 0.2331 0.6158 0.2103 0.5802 0.2465 0.6779 0.2336 0.6552 0.2736 0.7525 0.6899 0.8765 0.7360 0.9193 0.7533 0.9387
Stanford Cars
Type 0.1325 0.5336 0.1650 0.5634 0.2063 0.6217 0.1963 0.5643 0.2364 0.7356 0.6045 0.7957 0.6355 0.8399 0.6616 0.8792

Color 0.2561 0.5965 0.2938 0.5860 0.3329 0.6214 0.3169 0.6127 0.3556 0.6931 0.6327 0.7887 0.6426 0.7984 0.6940 0.8843
Species 0.1326  0.5273 0.1561 0.6065 0.1894 0.6195 0.1887 0.6077 0.1996 0.6227 0.6148 0.8321 0.6013 0.8103 0.6724 0.8719

Flowers

Type 0.1547 0.3296 0.1618 0.3305 0.1826 0.3469 0.2040 0.3695 0.2855 0.4516 0.3991 0.5827 0.4969 0.7104 0.5271 0.7394
Environment | 0.1136  0.3082 0.1379 0.3344 0.1892 0.3599 0.1920 0.3664 0.2927 0.4689 0.3782 0.5547 0.4598 0.6737 0.4828 0.7096

CIFAR-10

color (e.g., green, red, yellow). Fruit360, similar to the Fruit dataset, contains 4,856 images

annotated for species (e.g., apple, banana, cherry) and color.

Additionally, we created a multiple clustering dataset from CIFAR-10 [82] by orga-
nizing the images into clusters based on type and environment. For type, the clusters are
transportation and animals. For environment, the clusters are land, air, and water. The
dataset characteristics about data size, handcrafted features, and cluster information are

also summarized in Table 6.1.

It should be noted that some data may face challenges in extraction of meaningful can-
didate categories from GPT-4, or their labels lack semantic features. Taking the identity
clustering on the CMUface dataset [57] as an example, different identities correspond to
different individuals, and the names’ semantic meanings should not affect clustering out-
comes. In such cases, following the Multi-Map setting [177], we randomly select 10 words

from WordNet [40] as reference categories.
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Baselines We compare our Multi-Sub with seven state-of-the-art multiple clustering meth-
ods. These methods are: MSC [70] is a traditional multiple clustering method that uses
hand-crafted features to automatically find different feature subspace for different cluster-
ings; MCV [56] leverages multiple pre-trained feature extractors as different views of the
same data; ENRC [102] integrates auto-encoder and clustering objective to generate dif-
ferent clusterings; iMClusts [124] is a deep multiple clustering method that leverages the
expressive representational power of deep autoencoders and multi-head attention to generate
multiple salient embedding matrices and multiple clusterings therein; AugDMC [174] lever-
ages data augmentations to automatically extract features related to different aspects of the
data using a self-supervised prototype-based representation learning method; DDMC [173]
combines disentangled representation learning with a variational Expectation-Maximization
(EM) framework; Multi-MaP [177] relies on a contrastive user-defined concept to learn a
proxy better tailored to a user’s interest. It is worth noting that, in our experiments, we
apply both traditional and deep learning baselines. Traditional methods rely on hand-crafted

features, while deep learning methods directly utilize the original images as input.

Hyperparameter For each user’s preference, we train the model for 1000 epochs using
Adam optimizer with a momentum of 0.9. We tune all the hyper-parameters based on the loss
score of Multi-Sub, where the learning rate is selected from {le-1,5e-2,1e-2,5e-3,1e-3,5e-4},
weight decay is chosen from {5e-4,1e-4,5e-5,1e-5,0} for all the experiments. Most methods
obtain each clustering by applying k-means [97] to the newly learned representations, while
ours is end-to-end. The experiments are performed on four NVIDIA GeForce RTX 2080 Ti
GPUs.

Evaluation metrics Considering the randomness of k-means for those applicable base-
lines, we run k-means 10 times and report the average clustering performance using two

metrics, namely, Normalized Mutual Information (NMI) [156] and Rand index (RI) [122].

These metrics range from 0 to 1 with higher value indicating better performance compared
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Table 6.3: Variants of CLIP. The significantly best results with 95% confidence are in bold.

CLIPgpr CLIP apel Multi-Sub

Dataset Clustering
NMIt RIt NMIT RIt NMIt RIT

Color 0.7912 0.9075 0.8629 0.9780 0.9693 0.9964

Fruit
Species 0.9793 0.9919 1.0000 1.0000 1.0000  1.0000
Color 0.5613 0.7305 0.5746 0.7673 0.6654 0.8821
Fruit360
Species 0.4370 0.7552 0.5364 0.7631 0.6123 0.8504
c Order 0.3518 0.8458 0.3518 0.8458 0.3921 0.8842
ard
Suits 0.2711 0.6123 0.2711 0.6123 0.3104 0.7941
Emotion 0.1576  0.6532 0.1590 0.6619 0.2053 0.8527
Glass 0.2905 0.6869 0.4686 0.7505 0.4870 0.8324
CMUface
Identity 0.1998 0.6388 0.2677 0.7545 0.7441 0.9834
Pose 0.4088 0.6473 0.4691 0.6409 0.5923 0.8736

Color 0.6539 0.8237 0.6830 0.8642 0.7533 0.9387
Type 0.6207 0.7931 0.6429 0.8456 0.6616 0.8792

Stanford Cars

. Color 0.5653 0.7629 0.5828 0.7836 0.6940 0.8843
Flowers
Species 0.5620 0.7553 0.6019 0.7996 0.6724 0.8719

Type 0.4935 0.6741 0.5087 0.7102 0.5271 0.7394
Environment | 0.4302 0.6507 0.4643 0.6801 0.4828 0.7096

CIFAR-10

to the groundtruth.

6.4.1 Performance Comparison

Table 6.2 reports the clustering results. During the clustering stage, after we obtain the
proxy word embedding of each image for a desired concept, we can concatenate the image
embedding and the token embedding of proxy word. The results show that Multi-Sub con-
sistently outperforms the baselines, demonstrating the superiority of the proposed method.
This also indicates a strong generalization ability of the pre-trained model by CLIP, which
can capture the features of data from different perspectives.

Our methodology uses the CLIP encoder and GPT-4 to derive clustering results, prompt-
ing an evaluation of their performance in a zero-shot manner. We introduce two zero-shot

variants of CLIP: CLIPgpr and CLIPpe. CLIPgpr uses GPT-4 to generate candidate
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Table 6.4: Comparison of differenttext encoders. The significantly best results with 95% confidence

are in bold.

CLIP ALIGN BLIP
Dataset Clustering
NMIT RIT NMIT RIT NMIT RIT
Color 0.6654 0.8821 0.7031 0.8925 0.6522 0.8814
Fruit360

Species 0.6123 0.8504 0.6426 0.8565 0.6254 0.8536
Order 0.3921 0.8842 0.4316 0.9023 0.3845 0.8359

Card

Suits 0.3104  0.7941 0.3226 0.8006 0.3151 0.7956
Emotion 0.2053  0.8527 0.2148 0.8553 0.2081 0.8535
Glass 0.4870 0.8324 0.4951 0.8351 0.4951 0.8353

CMUface
Identity 0.7441 0.9834 0.7514 0.9828 0.6853 0.8321
Pose 0.5923 0.8736 0.6137 0.8942 0.5732 0.8427
Color 0.7533 0.9387 0.7624 0.8942 0.5732  0.8427

Standford Cars
Type 0.6616  0.8792 0.6712 0.8865 0.6581 0.8731
Color 0.694 0.8843 0.6925 0.8812 0.6843 0.8789
Flowers

Species 0.6724 0.8719 0.6693 0.8691 0.6627 0.8654
Type 0.5271  0.7394 0.5342 0.7456 0.5221 0.7381

CIFAR-10

Environment | 0.4828 0.7096 0.4793 0.7064 0.4752 0.7038

labels and performs zero-shot classification, while CLIP,,e uses ground truth labels di-
rectly, providing an optimal setting. As shown in Table 6.3, CLIP),,¢ generally outperforms
CLIPgpt due to its use of accurate labels, while CLIPgpt introduces noise. Both variants
perform equally on the Card dataset as GPT-4’s labels match the groundtruth. Multi-Sub
surpasses CLIPgpr and even outperforms CLIP,, in all cases, demonstrating its ability
to capture user-interest-based data aspects and confirming its efficacy. This superiority can
be attributed to Multi-Sub’s proxy word learning mechanism, which automatically adjusts
textual embeddings based on user-defined interests, creating more accurate proxy word em-
beddings. This approach reduces noise compared to CLIPgpr, which suffers from label
mismatches. Additionally, Multi-Sub’s iterative learning process refines these embeddings,

optimizing alignment between text and image representations.
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Table 6.5: Ablation study of Multi-Sub. The results that achieved the highest and second highest

performance for each clustering are indicated by boldface and underlined numerals, respectively.

clustering with A(¢(w;)) clustering with t; clustering with ¢(w;)
Dataset  Clustering Subspace image text concatenate text concatenate text concatenate

NMIt RIf | NMI4 R+ NMIt RIt | NMIf R  NMI+  RIt | NMIt  RIf NMIt  RIf

h(o(w;)) | 0.3649 0.6546 | 0.4789 0.6607 0.5208 0.7281 | 0.4586 0.6331 0.4987 0.6933 | 0.4438 0.6282 0.4996  0.7069
Type t; 0.3581 0.6378 | 0.4634 0.6439 0.5114 0.7189 | 0.4704 0.6586 0.5136 0.7196 | 0.4672 0.6524 0.5013  0.7136

i

CIFAR. o(w;) 0.3715 0.6589 | 0.4737 0.6563 0.5185 0.7211 | 0.4601 0.6420 0.5033 0.6989 | 0.4821 0.6638 0.5271 0.7394
b -10

h(o(w;)) | 0.4271 0.6764 | 0.4533 0.6813 0.4737 0.6905 | 0.4249 0.6537 0.4149 0.6662 | 0.4336 0.6691 0.4569  0.6836
Envrionment t; 0.4216 0.6677 | 0.4229 0.6533 0.4496 0.6630 | 0.4336 0.6689 0.4563 0.6781 | 0.4264 0.6596 0.4514  0.6695
o(w;) 0.4320  0.6837 | 0.4507 0.6762 0.4686 0.6834 | 0.4218 0.6541 0.4432 0.6631 | 0.4586 0.6876 0.4828 0.7096

6.4.2 Ablation study

Different ways of constructing subspace The subspace of the proposed method can
be expanded by different embeddings, i.e., the token embedding of the proxy word ¢(w;),
the text embedding of the proxy word h(¢(w;)), and the text embedding of the prompt t =
h(p(t})||¢(w;)). These three kinds of embeddings can also be used to evaluate the clustering
results in each case. In addition, we can use different combinations of learned embeddings
(e.g., different concatenations of text and image embedding) as the final embedding for
clustering. The results are shown in Table 6.5. It can be seen that using word token
embedding usually achieves better results. This is expected since the word proxy directly
reflects the image’s category under the desired concept. The token word embedding subspace
is also aligning well with CLIP’s training method. In contrast, prompt embedding performs
the worst as it introduces noise from user interest, dataset, and reference words, which
are unnecessary for clustering. Additionally, most methods perform better when the same
approach is used for constructing subspace and evaluating clustering results. Combining text
and image embeddings generally enhances performance, capturing user interests from both

aspects effectively.
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Effect of text encoder Table 6.4 compares the performance of three text encoders—CLIP,
ALIGN, and BLIP—across various datasets. The results indicate that ALIGN generally out-
performs CLIP and BLIP in most tasks. This suggests that ALIGN’s text encoder effectively
captures and aligns textual and visual representations, enhancing clustering performance.
ALIGN tends to excel in tasks that require distinguishing subtle visual differences influenced
by textual descriptions, such as emotions and accessories in the CM Uface dataset, and colors
in the Fruit360 dataset. CLIP shows a strong tendency in identity-related tasks and com-
plex object categorization, as evidenced by its performance in the CMUface identity task
and Standford Cars type clustering. BLIP, while competitive, seems to perform better in
categorical distinctions rather than abstract attributes, performing relatively well in species-
related tasks across various datasets. These findings underscore the importance of effective
text embeddings in multi-modal clustering frameworks.

We conducted an additional analysis using the Maximum Mean Discrepancy (MMD)
metric to quantify the differences in the feature spaces generated by different text encoders
(i.e., CLIP, ALIGN, and BLIP) in Table 6.6. The MMD results indicate that although
our text prompts are simple, the feature spaces generated by different text encoders exhibit
significant distributional differences. The effectiveness of a text encoder can vary depending
on the specific clustering task. For example, ALIGN tends to excel in tasks with more
abstract attributes, such as colors and emotions, while CLIP shows strong performance in
identity-related tasks. This variability underscores the importance of selecting an appropriate
text encoder based on the specific application requirements. The difference between text
encoders may come from the different corresponding pre-training tasks and this will be an

interesting future direction.

Visualization To further demonstrate the effectiveness of Multi-Sub, we visualize the
representations from CLIPpe, CLIPgpr, and Multi-Sub for color and species clustering
tasks (Figure 6.3). In species clustering, CLIP,e shows clear boundaries using ground

truth labels, while CLIPgpt introduces noise from reference words. Multi-Sub outperforms
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Table 6.6: MMD between different text encoders across datasets.

Dataset Clustering | CLIP vs. ALIGN CLIP vs. BLIP ALIGN vs. BLIP

Color 0.234 0.198 0.211

Fruit360
Species 0.189 0.172 0.183
Order 0.215 0.202 0.219

Card

Suits 0.198 0.184 0.192
Emotion 0.276 0.245 0.263
Glass 0.231 0.217 0.225

CMUface
Identity 0.263 0.249 0.258
Pose 0.245 0.228 0.239
Color 0.238 0.223 0.231

Stanford Cars

Type 0.212 0.198 0.205
Color 0.257 0.244 0.252

Flowers
Species 0.248 0.231 0.242
Type 0.193 0.178 0.186

CIFAR-10
Environment 0.178 0.162 0.174

both by effectively capturing image features and user interests with proxy word embeddings.
In color clustering, both CLIP},,. and CLIPgpt focus on species features, resulting in less
distinct clusters. Multi-Sub excels by clearly distinguishing colors, leveraging user-specific
interests for improved alignment. Overall, Multi-Sub consistently aligns embeddings with
user interests, surpassing CLIP,. and CLIPgpr, demonstrating its robust multi-modal

subspace proxy learning.

6.5 Summary

In this chapter, we mitigates an important challenge in multiple clustering: effectively iden-
tifying desired clustering results based on user interests or application purposes. We intro-
duce Multi-Sub, a novel approach that integrates user-defined preferences into a customized
multi-modal subspace proxy learning framework. By leveraging the synergy between CLIP

and GPT-4, Multi-Sub automatically aligns textual prompts expressing user interests with
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Figure 6.3: Visualization of feature embeddings and related labels on Fruit dataset. For the vi-
sualization of color, red, green, and yellow points indicate the color of red, green, and yellow,
respectively. For the visualization of species, red, yellow, and purple points indicate the species of

apple, banana, and grapes, respectively.

corresponding visual representations. First, we observe reference words for user’s interests
from large language models. Given the absence of concrete class names in clustering tasks,
our method uses these reference words to learn both text and vision embeddings tailored
to user preferences. Extensive experiments across various visual multiple clustering tasks
demonstrate that Multi-Sub consistently outperforms state-of-the-art techniques.

However, our approach has certain limitations. The reliance on large language models
like GPT-4 can introduce biases inherent in these models, potentially affecting the clustering
outcomes. Additionally, the field of multiple clustering lacks large, diverse datasets, which
limits comprehensive evaluation. Although we have annotated CIFAR-10, more extensive

datasets are needed.
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Chapter 7
CONCLUSIONS

7.1 Summary

This dissertation advances user-preference—quided representation learning for deep multiple
clustering. The four studies in this dissertation approach the problem from different angles:
(i) data-centric elicitation of complementary factors, (ii) model-centric disentanglement tai-
lored for clustering, (iii) intent-centric multimodal conditioning that grounds user concepts
in vision embeddings, and (iv) coupled optimization that learns preference-aligned represen-
tations and cluster assignments jointly. Our goal is to make multiple clustering both accurate
and diverse, while still being guided by the user: the resulting partitions should reflect the
factors the user actually cares about and require only limited interaction. My work mainly
includes the following four aspects:

(1) From data perturbations to aspect-aligned features (AugDMC). We intro-
duced AugDMC, which leverages targeted data augmentations to preserve distinct aspects
(e.g., color vs. shape) and a prototype-based self-supervised objective with a stabilization
strategy. In this view, different augmentations act as selectors for different aspects, so we
can obtain several interpretable clusterings without hand-crafted features.

(2) From representation diversity to clustering-aware disentanglement (DDMC).
We proposed DDMC, a dual-disentangled framework optimized via a variational EM pro-
cedure. A coarse—fine factorization module learns latent factors at two levels of detail, and
a clustering-aware M-step refines the decision boundaries. In this chapter, we explicitly
link disentanglement and clustering objectives so that the learned features are more directly
aligned with the final partitions.

(3) From preference capture to multimodal proxy learning (Multi-MaP). We
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then bridged user intent and vision features via Multi-MaP, which aligns frozen CLIP en-
coders with user-specified high-level concepts through learnable text proxies. To stabilize
proxy learning in CLIP’s discrete token space, we introduced concept-level and reference-
word constraints, operationalized with LLMs (e.g., GPT-4) to surface candidate reference
vocabularies. Our experiments with Multi-MaP show that CLIP embeddings contain multi-
ple semantic aspects that can be used for personalized clustering.

(4) From decoupled pipelines to joint subspace—clustering optimization (Multi-
Sub). Finally, we addressed two practical limitations—requiring user-provided contrastive
concepts and decoupling representation learning from clustering—by proposing a concept-
conditioned subspace proxy framework. Reference words from LLMs span a low-dimensional
subspace in which image-aligned proxies are learned. Crucially, Multi-Sub jointly optimizes
concept-aligned representations and cluster assignments, improving both performance and

efficiency while reducing interaction friction.

7.2 Limitations and Future Work

Despite the progress, several limitations remain and open up promising directions for future

work:

e User-guided but not yet fully user-friendly. All methods in this dissertation are
user-guided: they assume that the user can articulate high-level concepts as textual
prompts, which then steer representation learning and clustering. This is still some
distance from a fully user-friendly system, because it does not automatically propose
what the user might care about without explicit input. An important future direction is
to move toward proactively assistive systems that: (i) mine candidate clustering aspects
from the data itself, (ii) summarize these aspects in natural language via LLMs, and
(iii) present a small set of candidate clusterings that the user can inspect, accept, or

refine, so that the required interaction remains light.

e Dependence on foundation models and limited domain coverage. Multi-MaP
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and Multi-Sub rely on CLIP and GPT-style models that are primarily trained on nat-
ural images and generic web text. As a result, they inherit the biases, vocabulary
gaps, and failure modes of these foundation models, and their behavior in specialized
domains such as medical imaging, radiology, remote sensing, or non-visual data (e.g.,
time series, tabular EHR, scientific text) is not yet validated. A natural future di-
rection is to instantiate the same user-guided multiple clustering principles on top of
domain-specific encoders (e.g., radiology-focused vision transformers, biomedical lan-
guage models), and to study how augmentation strategies, disentanglement modules,
and multimodal proxies need to be adapted for safety-critical settings such as radi-
ology and broader medical applications. From an application standpoint, radiology
and the broader medical field are particularly promising yet challenging testbeds for
user-guided multiple clustering. Radiologists and clinicians routinely reason along mul-
tiple axes—for example, anatomy, imaging modality, acquisition protocol, lesion type,
disease stage, and response to treatment—and often need to explore patient cohorts
under different combinations of these aspects. In principle, the mechanisms developed
in this dissertation could be transferred to such settings by (i) replacing CLIP with
encoders pre-trained on medical images and reports (e.g., chest X-ray or CT trans-
formers coupled with radiology-report language models), (ii) constraining the LLM
components to clinically validated, domain-specific models, and (iii) keeping domain
experts in the loop to define and refine high-level concepts (e.g., “primary tumor bur-

bM

den”, “treatment-related change” versus “disease progression”) and to audit failure
cases. However, any deployment in radiology or medicine would require careful val-
idation for safety, fairness, and robustness, as well as explicit assessment of whether
the discovered aspects correspond to clinically meaningful and actionable groupings.

Carefully designed studies along these lines are an important next step.

Scalability on truly large-scale datasets and systems. While the proposed meth-

ods scale reasonably well to the benchmark datasets used in this dissertation, they have
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not been rigorously evaluated on web-scale or industry-scale corpora with millions of
items and many concurrent users. Joint optimization and per-image proxy learning in-
troduce nontrivial computational overheads. From an engineering perspective, making
multiple clustering practical at scale will require: (i) distributed and parallel training of
the representation and clustering modules, (ii) efficient approximate nearest neighbor
indexing in the learned subspaces, (iii) caching and batching strategies for LLM calls,
and (iv) streaming and incremental updates so that clusterings can be maintained un-
der evolving data. We leave a more systematic study of these systems issues to future

work.

Remaining quality gaps even on moderate benchmarks. Although Multi-Sub
achieves state-of-the-art performance on all public visual multiple clustering bench-
marks, the absolute NMI/RI scores for some clusterings remain far from perfect, even
on datasets that are not particularly challenging. This suggests that there are still
modeling gaps, for example due to ambiguous ground-truth semantics, misalignment
between CLIP’s embedding geometry and the clustering labels, limited expressivity of
the current subspace proxy family, or suboptimal coupling between the proxy learning
and clustering losses. Future work could test richer proxy parameterizations (e.g., mix-
tures of subspaces, nonlinear subspace heads, or multiple proxies per aspect), stronger

task-specific backbones, and active or human-in-the-loop refinement to reduce these

gaps.

Granularity and compositionality of intent. The methods in this dissertation
mostly handle one concept at a time: the user asks for a clustering with respect to
color or species (or pose, identity, etc.), and the model returns one aspect-specific
partition per concept. In practice, however, users often care about higher-order, com-
positional intents such as “color and species” simultaneously—for example, grouping
fruits by species while further separating them by color, or directly discovering clusters

corresponding to joint configurations like “red apples”, “green apples”, “yellow ba-
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nanas”, and so on. To support such multi-aspect intents, we need explicit mechanisms
for combining proxies across concepts, for example through hierarchical clusterings
(first species, then color), product or intersection subspaces over multiple concept-
specific proxies, or simple logical operators (AND/OR/NOT) defined in proxy space.
Extending our methods so that users can flexibly specify, compose, and interact with

multi-concept clusterings is a natural direction for future work.

e Evaluation beyond NMI/RI. Standard clustering metrics such as NMI and RI are
useful but do not fully capture whether a user’s preferences have been satisfied, how
interpretable the discovered aspects are, or how much effort the user must invest to
arrive at a useful clustering. Future work should also include human-centric evaluation,
for example measuring preference satisfaction, explanation quality, time needed to
reach a decision, or downstream task performance in realistic workflows (e.g., diagnosis

support, dataset curation, retrieval), to get a more complete picture of usefulness.

e Multiple clustering as a component in LLM-based agents. The current work
treats multiple clustering as a standalone algorithmic objective rather than as a tool
that can be orchestrated by an LLM agent. A promising direction is to integrate
user-guided multiple clustering into agentic pipelines, where an LLM decides when to
call a clustering tool, which aspects to request (possibly inferred from conversation
context), and how to use the resulting partitions—for example, to structure long-
term memory, to personalize retrieval and recommendation, or to organize complex
workspaces for downstream reasoning. Designing interfaces, APIs, and feedback loops
that allow agents to leverage multiple clustering as a reusable component is an exciting

avenue for future work.

7.3 Closing Remarks

This dissertation demonstrates that who the clustering is for should inform what is repre-

sented and how partitions are formed. We first use augmentation-driven aspect elicitation
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(AugDMC), then introduce clustering-aware disentanglement (DDMC), then ground user
intent via multimodal proxies (Multi-MaP), and finally couple subspace learning with clus-
tering (Multi-Sub). Together, these steps move us toward user-guided deep multiple cluster-
ing. Concretely, the proposed techniques can help practitioners in real-world settings—such
as clinicians exploring patient cohorts along clinically meaningful axes, scientists organizing
multi-faceted experimental data, or product teams curating and segmenting large content
and user collections—to obtain clusterings that reflect their actual analytical questions rather
than opaque model biases. As LLM-based agents and interactive analytics systems become
more prevalent, user-guided multiple clustering can also serve as a mechanism for structuring
long-term memory, personalizing retrieval, and organizing complex information spaces in a
controllable way.

We hope these ideas—preference conditioning, disentangled and subspace-aware repre-
sentations, and joint optimization—serve as building blocks for systems that are not only
statistically sound, but also deployable in high-stakes, data-rich environments and genuinely

aligned with human goals, constraints, and values.
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