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Abstract

Multiple clustering aims to uncover diverse latent structures
within the data, enabling a more comprehensive understand-
ing of complex datasets. However, existing approaches either
heavily rely on user-supplied keywords or disregard user-
interested clustering types, limiting the ability to discover
the full range of explainable clusterings of interests, par-
ticularly in high-dimensional settings. Furthermore, existing
methods insufficiently leverage the rich textual semantics and
fall short in fully integrating multi-modal information. To
address these challenges, we propose MLLM enriched ex-
plainable Multiple Clustering (MLLM ¢ ), a novel framework
that leverages multi-modal large language model (MLLM)
to explore explainable non-redundant clustering. Specifically,
MLLMc first employs MLLM to generate sample descrip-
tions, which serve as input for LLM to perform prompt-driven
reasoning and infer latent clustering types, and then merges
them with user-interested types to obtain diverse and explain-
able clustering types. For each selected type, MLLMas¢ uti-
lizes MLLM to generate sample-level textual descriptions
and aligns them with corresponding visual features through
a cross-attention fusion module, which produces a semanti-
cally aligned and enriched representation for the target clus-
tering type. Extensive experiments on six benchmark datasets
from diverse domains demonstrate that MLLM /¢ achieves di-
verse, explainable, and high-quality clustering outcomes, out-
performing state-of-the-art multiple clustering methods with
a large margin.

Extended version —
https://www.sdu-idea.cn/codes.php?name=MLLMMC

Introduction

Clustering is a fundamental task that partitions unlabeled
data into coherent groups, revealing the underlying struc-
tural patterns based on intrinsic similarity (Oyewole and
Thopil 2023). Conventional clustering methods (Chang et al.
2017a; Park et al. 2021; Ren et al. 2020) often presume a sin-
gle globally optimal partition, optimized by objectives, such
as minimizing intra-cluster variance and maximizing inter-
cluster separation. However, real-world data are inherently
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multi-faceted, exhibiting diverse semantic structures and po-
tential grouping criteria that cannot be captured by a single
partition (Ren et al. 2022). For instance, face images may be
clustered by identity, pose, or emotion, each reflecting dis-
tinct semantics. This motivates the need for multiple clus-
tering approaches that can uncover diverse, non-redundant
grouping structures within the same dataset (Yu et al. 2024).

Existing multiple clustering methods can be broadly di-
vided into two streams. The first type of methods focuses
on generating diverse clustering within the original data
space, using unsupervised (Bae and Bailey 2006; Chang
et al. 2017b; Wang et al. 2021) or semi-supervised (Tokuda,
Yamashita, and Yoshimoto 2021; Yao et al. 2023) strategies.
The second type of methods discover alternative clusterings
across different feature subspaces (Mautz et al. 2020; Wang
et al. 2019), often leveraging deep neural networks (Mik-
lautz et al. 2020; Ren et al. 2022; Yao and Hu 2024) to learn
nonlinear projections that support clustering diversity and
disentanglement.

More recently, the rise of multi-modal large language
models (MLLMs) (Radford et al. 2021; Li et al. 2021, 2023)
has enabled semantic-driven multiple clustering by align-
ing visual inputs with user-supplied keywords (Yao, Qian,
and Hu 2024a,b; Kwon et al. 2024). In addition, Luo et al.
(2024) proposed the concept of subpopulation structures, us-
ing large language models (LLMs) to reveal latent subpop-
ulation distributions, which aligns with the idea of multiple
clustering in capturing diverse data structures. Despite these
advances, existing approaches face two critical limitations.
First, these methods either overly rely on user-supplied key-
words, which often reflect shallow prior knowledge and re-
strict the scope of semantic discovery, or solely depend on
LLM reasoning, which may miss user-interested clustering
types. In practice, clustering type selection is application-
specific and should respect user interests for explainable and
target usage. To address this, we propose using MLLMs and
LLMs as knowledgeable assistants to support users in identi-
fying clustering types, offering meaningful suggestions that
may be overlooked based on user interests. Second, although
MLLMs facilitate image-text alignment, the final clustering
is typically made using the visual embedding alone or sim-
ple feature concatenation, which underutilize the enriched
textual descriptions of samples. Prior work has shown that
text features generated from images can significantly en-
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Figure 1: Framework overview of MLLMp;¢. Given a dataset X, we first use MLLM to generate dataset descriptions des(X),
which are then fed into LLM to infer a candidate clustering type set V. Merging V with user-interested types V,, yields the aug-
mented clustering type set V*. For each type, we select candidate semantic tags {’i‘k}szl from MLLM-generated descriptions
{T\}£ . and match them with samples to form sample-text pairs [x;, t ki), which are fused via cross-attention and residual
connections into the representation { U}, }_, . Finally, k-means is applied to {U} }/_; to yield multiple clusterings {Cj. }5_,.

hance clustering performance by capturing latent semantics
beyond visual similarity (Stephan et al. 2024). As such, we
argue that integrating text representations into the cluster-
ing process rather than treating them as auxiliary cues, can
provide a more comprehensive and semantically aligned un-
derstanding of clustering.

Motivated by these insights, we propose MLLMp;c, a
novel framework that seamlessly integrates semantic textual
representations generated by MLLMs with original visual
features to achieve clustering from diverse perspectives, as
illustrated in Fig. 1. MLLM,¢c addresses the dual challenges
of limited user interests and under-exploited data seman-
tics, enabling the discovery of richer clustering structures
that align with both user interests and latent data character-
istics. To address the ambiguity in the clustering objectives,
MLLMps¢ first employs MLLM to produce sample descrip-
tions, which subsequently serve as input to LLM to infer
a set of candidate clustering types. If user-interested types
are not among the generated candidates, they can be incor-
porated as additional guidance. These clustering types then
guide the generation of sample-level textual descriptions via
a multi-modal generative model, which conditions on the vi-
sual content and reflects the semantics of each clustering
type (e.g., color-related descriptions for color-based clus-
tering). Subsequently, MLLMp;¢ adopts a cross-attention fu-
sion mechanism to align and integrate visual and textual fea-
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tures, producing semantically enriched joint representations
for clustering. This unified approach enables MLLMy;¢ to
produce diverse, explainable, and robust clustering results,
offering a flexible yet principled way to uncover complex
data structures from multiple semantic types.

The key contributions are summarized as follows: (i)
MLLMps¢ leverages the reasoning capabilities of MLLMs
and LLMs to assist users in probing latent and semanti-
cally meaningful clustering types, while allowing the incor-
poration of user interests for task-specific refinement. (ii)
MLLMsc enhances the expressiveness of clustering by gen-
erating textual representations aligned with clustering types,
and by fusing them with visual features via cross-attention
to reveal deeper latent structures. (iii) We conduct extensive
experiments on multiple benchmark datasets, showing that
MLLMjs¢ outperforms state-of-the-art baselines in produc-
ing diverse, high-quality, and explainable clustering results.

Related Work
Multiple Clustering

Multiple clustering aim to uncover diverse and semanti-
cally distinct data partitions beyond a single optimal struc-
ture. Early multiple clustering approaches primarily focused
on generating alternative clustering within the original fea-
ture space (Bailey 2018; Yu et al. 2024). Some methods



(Yang and Zhang 2017; Chang et al. 2017b) adopt a se-
quential, semi-supervised strategy, where each new clus-
tering is generated based on previous ones as reference
points. Others aim to simultaneously identify multiple clus-
terings by jointly optimizing clustering quality and diver-
sity, using criteria such as cluster centroids (Jain, Meka,
and Dhillon 2008), mutual information (Dang and Bailey
2010), and diversity (Ren et al. 2023). Another line of work
(Cui, Fern, and Dy 2007; Wang et al. 2019; Mautz et al.
2020) explores non-redundant clusterings across different
feature subspaces, under the assumption that distinct sub-
spaces encode different semantic views of the data. Deep
learning models further extend this direction, where Mik-
lautz et al. (2020) utilized autoencoders to learn multiple
independent latent spaces, while Ren et al. (2022) intro-
duced redundancy-controlled multi-head attention mecha-
nisms to generate diverse nonlinear subspaces. Several stud-
ies (Yao et al. 2019; Wei et al. 2020, 2021) also expand this
paradigm to multi-view or graph-structured data, demon-
strating how different data modalities can support distinct
clustering structures. More recent methods aim to combine
automatic structure discovery with model-level diversity.
For instance, Leiber et al. (2022) proposed a non-redundant
clustering framework based on the principle of minimum de-
scription length (MDL). Metaxas, Tzimiropoulos, and Patras
(2023) proposed a plug-and-play framework that incorpo-
rates a novel diversity-constrained loss into deep clustering
models. These methods have promoted the development of
clustering research towards deep representation learning and
automatic structure discovery. Additionally, data augmenta-
tion strategies have been studied to generate distinct clus-
terings from multiple diversely augmented representations
(Yao et al. 2023; Yao and Hu 2024; Zhang et al. 2025).

To improve the usability and adaptability, recent works
begin to incorporate user interests through vision—language
models. Yao, Qian, and Hu (2024a,b) leveraged MLLMs to
align user-supplied keywords with image content, thereby
generating clustering results that align with user interests.
Kwon et al. (2024) used LLMs to cluster images based on
user-supplied textual criteria. In addition, Luo et al. (2024)
proposed the concept of subpopulations to capture multiple
clustering structures, relying entirely on LLMs to infer the
underlying subpopulations. However, such approaches ei-
ther overly rely on subjective user inputs or solely depend
on LLMs. In contrast, our MLLM,;¢ integrates LLM rea-
soning and user interests to identify clustering types, where
these types further guide the MLLM to generate the seman-
tic representation, enabling the model to uncover richer un-
derlying structures. In this way, MLLM,;c empowers more
comprehensive and explainable multiple clustering.

Multi-Modal Fusion

In multi-modal learning, effectively fusing visual and tex-
tual features is essential. Current fusion methods fall into
three main categories: vector-based operations, deep learn-
ing architectures, and graph neural network (GNN) methods
(Kuang et al. 2025).

Traditional fusion methods rely on straightforward mathe-
matical operations, such as element-wise addition, element-
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wise multiplication, or vector concatenation, to combine
features from different modalities. Due to their simplic-
ity and computational efficiency, these methods are widely
adopted in early multi-modal systems (Gandhi et al. 2023).
Deep learning-based fusion approaches offer more expres-
sive modeling capabilities. These can be further divided
into non-attentional, attentional, and hierarchical strategies.
Non-attentional methods typically employ CNNs (Ma, Lu,
and Li 2016) and RNNs (Ren, Kiros, and Zemel 2015) to
integrate aligned multi-modal features. The development of
attention mechanisms has significantly advanced the preci-
sion of multi-modal fusion (Lu et al. 2023), where early at-
tention models focus solely on salient visual regions, while
co-attention (Ren et al. 2024), multi-level attention networks
(Zhou et al. 2024; Xue et al. 2022) and symmetric attention
(Sun et al. 2024) facilitate fine-grained alignment and rea-
soning across modalities. More recently, GNN-based meth-
ods leverage structural information by constructing scene,
question, or semantic dependency graphs to model intra- and
inter-modal relations (Zhang, Tsai, and Tsai 2024; Li et al.
2019).

In the context of clustering, recent studies have explored
the use of external textual signals to guide clustering towards
more semantically coherent structures (Cai et al. 2023; Qiu
et al. 2024; Li et al. 2024). However, these methods focus
on a single grouping, missing diverse structural insights. In
contrast, MLLM,;c leverages MLLMs to generate different
perspective texts aligned with data, enabling the discovery
of different explainable clusterings.

Methodology

In this section, we elaborate on the proposed MLLMys¢
framework, including clustering types exploration, cluster-
ing types informed text descriptions generation, and se-
mantic features alignment and integration. The conceptual
framework is presented in Fig. 1.

Probing Clustering Types

For datasets with high dimensionality or ambiguous seman-
tics, it is often challenging for users to discern latent at-
tributes and meaningful clustering types, thereby imped-
ing the discovery of underlying data structures. In contrast,
LLMs, with their broad knowledge and contextual under-
standing, offer an effective way to identify potential cluster-
ing types based on semantic and task-related cues.
However, LLMs require textual input and cannot directly
process non-textual datasets. To address this, MLLMy,;¢
leverages the MLLM to convert each sample in the dataset
into a textual description. These descriptions are then fed
into the LLM to probe the dataset’s potential clustering
types. If the generated outputs do not align with the user’s
interests, user-interested types can be incorporated as sup-
plementary input to refine and extend the set of candidate
clustering types. This enables a task-oriented, knowledge-
driven process for probing meaningful clusterings.
Specifically, given a dataset X € RY*P we first input
its samples into the MLLM to generate textual descriptions
des(X), which then serves as input of LLM to probe



potential clustering types of X. The probing prompt is
denoted as Pmt(-) and follows a simple template, such
as: Based on the dataset descriptions,
infer the possible clustering types for
this dataset.

In response, LLM generates a set of candidate clustering
types, denoted as V. Formally, we represent the prompt as
Pmt(des(X)), and probe the clustering type set V as:

V = LLM (Pmt(des(X))), (D

To ensure task-specific relevance, user-interested cluster-
ing types can be optionally included when V' does not in-
clude user’s interests, thereby giving a target set:

Vi =VUV,, 2)

where V), represents the set of user-interested clustering
types, reflecting user interests and V* = {v;, }H<_| is the final
set of clustering types.

Clustering Types Guided Text Generation

After determining the target clustering type set V*,
MLLMps¢ further leverages MLLM to generate sample-level
textual descriptions Ty = {tk,i}ij\il relevant to the k-th
clustering type vy. These descriptions are distinct from the
earlier descriptions used for clustering type probing. While
the earlier descriptions aim to provide a coarse-grained and
general overview of the dataset, the current ones focus on
producing fine-grained and type-guided descriptions. This
targeted generation aligns well with clustering types, lead-
ing to interpretable multiple clusterings. Specifically, we de-
sign prompts for each clustering type and input them into
MLLM to guide the generation of sample-level descriptions.
For example, when clustering based on color, the prompt
"What is the color of the image?" can effec-
tively elicit color-related information.

However, due to the subjectivity of generated descrip-
tions, directly using them may result in noisy or inconsistent
representations of sample semantics. To address this, we ap-
ply TE-IDF to T, and extract the top M representative terms
as candidate semantic tags:

Ty =TopM(TF — IDF(T})), 3)
where T, = {t;}}L, are the candidate semantic tags for
clustering vy, and M is the number of clusters within it.

We then perform similarity-based alignment between
samples and semantic tags in the feature space. The embed-
ding of sample x; is calculated as e; = fyr(x;), and the
embedding of the candidate semantic tag ‘Ek’j is calculated
as Oy ; = gM(Ek.,j), where fy/(-) and gps(-) are feature
extractors for original samples and candidate tags, respec-
tively. The similarity between sample x; and each candidate
semantic tag t; ; is computed as:

T ~
Sik,j = € Ok, @
Then, the matched semantic tag for sample x; is selected as:
tr; =arg MAX ik, j» (%)
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Finally, each sample x; is paired with its most relevant se-
mantic tag Ek,z" and the matched pairs [x;, ’Eh]f\’:l are used
as enriched input for subsequent multi-modal fusion and
multiple clustering tasks.

Semantic Features Alignment and Integration

Given the matched pairs (x;, Ek,i) of original samples and
their matched semantic tags, we employ a frozen CLIP
model augmented with a trainable Transformer layer, de-
noted as fr(-) and gr(-), to extract visual and textual em-
beddings, respectively. Notably, this setup is not fixed and
can be flexibly replaced with alternative feature extractors.
Specifically, the visual embedding z; of sample x; is ob-
tained as z; = f7(x;), while the textual embedding fl;m- of
tag Ek,i is computed as 1;1;“ = gT(f;k,l-). To ensure seman-
tic consistency, we employ a contrastive objective that pulls
aligned pairs together and pushes unaligned ones apart in the
embedding spaces:

exp(ziTlAlkﬂv/T)
S eap(alhy;/7)]

| KN
Lcon = ﬁ Z Z lk},iu
k=1 i=1
where 7 is the temperature parameter and L., is the total
contrastive loss computed over all samples. Guided by fl;m-,
z; is adapted into a clustering-specific representation zy, ;,
which is semantically aligned with the k-th clustering.

To integrate complementary information from both
modalities, MLLMy;c introduces a cross-attention fusion
module that aligns the visual features toward semantically
meaningful directions guided by texts. Specifically, in the
cross-attention, zy ; is treated as the query Q, while flk,i
serves as both the key K and value V:

(6)

i = —log

)

. QK™
Attention(Q, K, V) = softmax( YV,  (8)
Vd
ZZJ' = Attentz'on(zk,i,flk,i,flk,i)7 9)

where z}; ; denotes the text-guided visual representation af-
ter attention.

Instead of solely relying on the attended feature z; ,,
MLLMysc employs a residual connection to combine it with
the original input zy, ;:

(10)

where uy; is the fused representation. Residual connection
ensures that the original structural in the raw data is re-
tained. Since the attention output z; ; emphasizes semantic
cues aligned with the textual modality, exclusively relying
on it may suppress modality-specific features that are not di-
rectly referenced by the text. By incorporating the residual
path, MLLM;;c makes a balance between semantic align-
ment and structural integrity. Subsequently, MLLMp;c ap-
plies k-means on the fused representations {Uj }X_; to de-
rive the multiple clustering outputs {Cj }~_,. We give the
algorithmic procedure, time complexity and runtimes in the
supplementary file.

*
Uy ; = Zg,; + Z i



Experiments
Experimental Setup

Baselines. We compare MLLM ;¢ against representative and
competitive multiple clustering methods: MNMF (Yang and
Zhang 2017), ENRC (Miklautz et al. 2020), iMClusts (Ren
et al. 2022), Multi-MaP (Yao, Qian, and Hu 2024b) and
Multi-Sub (Yao, Qian, and Hu 2024a). These methods were
discussed in related work and their configurations are pro-
vided in the supplementary files.

Datasets. Six benchmark datasets (Fruit, CMUFace, COIL,
Cards, CIFAR and WebKB) are used to evaluate the perfor-
mance of MLLM ;¢ and other baselines. The first five are im-
age datasets, the sixth is a text dataset. These datasets have
been widely used to benchmark multiple clustering methods
(Bailey 2018; Yu et al. 2024). Their statistical information is
given in Table 1, with detailed information provided in the
supplementary files.

Evaluation metrics. To quantitatively evaluate each
method, we measure the performance using the Normalized
Mutual Information (NMI) and Jaccard Index (JI) with ref-
erence to distinct ground-truth labels. Higher scores indicate
better clustering quality and stronger alignment with targets.
Implementation. In our experiments, all MLLMs utilized
are based on LLaVA-1.5-7b (Liu et al. 2023). The LLMs
utilized, including clustering types inference and textual
dataset evaluations, are based on LLaMA-3.1-8B-Instruct
(Touvron et al. 2023). The feature extraction is based on
CLIP-ViT-B/32. Notably, MLLMj,¢ is highly flexible in de-
sign and does not rely on any specific vision or language
backbone, making it broadly extensible and adaptable. All
experiments are conducted on a Linux system equipped with
an NVIDIA L40 GPU (46 GB memory) and PyTorch 2.4.1.
Furthermore, the supplementary files include prompt tem-
plates for the used MLLM and LLM.

Datasets Samples Clustering Types Clusters
COIL 648 color; shape 3:3
Fruit 4856 color; species 4; 4
Cards 8029 suits; number 13;4
CIFAR 50000 environment; type 3;2
WebKB 1041 university; category 4;4
CMUFace 640 ident.ity;. pose; 20.; 4;
emotion; glass 4;2

Table 1: Used benchmark datasets, the last column indicates
the number of clusters of respective clusterings.

Results and analysis

Table 2 provides the average clustering results of 10 inde-
pendent runs of each method on benchmark datasets. The
CLIP backbone used by Multi-MaP and Multi-Sub is de-
signed for image-text alignment and is less suitable for tex-
tual datasets (e.g., WebKB). On textual datasets, MLLMs¢
uses LLM to extract keywords and fuses them with the orig-
inal text features, demonstrating the effectiveness of fea-
ture integration within the text modality. We can find that
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MLLMjsc achieves the best results in almost all cases, prov-
ing its effectiveness. In addition, we have the following im-
portant observations:

(1) Deep vs. Shallow methods: In most cases, deep multi-
ple clustering methods, ENRC, iMClusts, Multi-MaP, Multi-
Sub and MLLM ¢, perform better than the shallow MNMEF.
ENRC and iMClusts obtain satisfactory clustering perfor-
mance on conventional datasets (i.e., Fruit), which are char-
acterized by distinctive features and well-defined structures.
However, their performance significantly declines when
handling more complex datasets with larger semantic diver-
sity and structural intricacy. This limitation is due to their re-
liance solely on non-redundant subspaces of the data, with-
out the support of semantic guidance from text cues or the
powerful reasoning capability offered by LLMs.

(i) MLLMs vs. DNN methods: For large and struc-
turally complex datasets such as Cards and CIFAR, the
performance of iMClusts and ENRC is notably inferior
to that of methods based on MLLMs, including Multi-
Map, Multi-Sub, and MLLMy;¢. This fact indicates that
MLLMs demonstrate significant advantages in semantic
reasoning and enriching features toward to target clus-
terings. Notably, MLLM);c underperforms Multi-MaP and
Multi-Sub on CIFAR environmental clustering, because
its generated environmental descriptions include irrelevant
words, whereas Multi-MaP and Multi-Sub avoid this by di-
rect LLM-generated references. MLLM,s¢ consistently out-
performs Multi-MaP and Multi-Sub across most datasets,
demonstrating the efficacy of our cross-modal fusion mech-
anism in integrating information from different modalities
and generating high-quality multiple clusterings. Specifi-
cally, Multi-MaP focuses on specific image features through
textual prompts, but the final clusterings still entirely rely on
image features. Multi-Sub simply concatenates image and
text features and disregards the interactions between them.
Unlike prior methods, MLLM»;c employs cross-attention
and residual connections to deeply fuse image-text features
while preserving sample-specific characteristics. By better
capturing semantic structures and data diversity, it produces
superior multiple clusterings.

Ablation Study

To investigate the contribution components of MLLMs¢c, we
conduct an ablation study by introducing four variants: w/o-
Contrast, w/oAttn, and w/oResidual, w/oMatch, which sep-
arately remove the contrastive loss, cross-attention, residual
connection, and candidate tag matching. Figure 2 presents
the NMI values of MLLM;¢ and its variants. We find that
the full MLLM ;¢ consistently surpasses its ablated variants,
highlighting the importance of each component in achiev-
ing high-quality and diverse clustering outcomes. Similar JI
trends are provided in the supplementary file.

Among all variants, w/oContrast suffers the most signif-
icant performance drop, confirming the crucial role of con-
trastive loss in promoting semantic alignment between vi-
sual and textual modalities. The contrastive objective ex-
plicitly guides the model to distinguish positive sample—text
pairs from negative pairs, thereby reinforcing the inter-
modal consistency. In its absence, the model lacks suffi-



Dataset Type Metrics MNMF ENRC iMClusts | Multi-MaP | Multi-Sub | MLLMy¢
color NMI | .013+.001e | .084+.012e | .183+.001e | .153+.000e | .155=.001e | .991=.002

COLL J1 215+.002e | .232+.000e | .284+.001e | 256+.001e | 213+.002¢ | .994+.001
‘hane NMI | .055+.003e | .125+.013e | .126+.002e | .249+.001e | .251=.000e | .660+.008

P JI 225+.001e | 263+.004e | 273+.004e | 350+.001e | .352+.001e | .612+.005

color NMI | .019+.112e | .402+.003e | .421+.002e | .624+.000e | .660=.001e | .694=.007

Fruit JI 152+.022e | 301+.032e | .315+.041e | 442+.001e | 461+.001e | .514+.008
) NMI | .018+.010e | .380%.110e | .410+.002e | .528+.001e | .610+.003e | .628%.005

species JI 163+.110e | 297+.131e | 311+.032e | 415+.002e | .401+.000e | .490+.007

identity NMI | .228+.010e | .504+.001e | .527=.004e | .625+.001e | .543+.007e | .658=.017

JI 051+.0230 | .164+.011e | .197+.002e | .245+.000e | .201+.005e | .306+.011

NMI | .017+.022e | .023+.207e | .026=.004e | .119+.0010 | .032+.006e | .120=.005

CMUFace pose J1 141+.112e | .153+.050e | .170+.001e | .202+.001e | .201+.001e | .240%.002
omotion NMI | .005+.002e¢ | .004+.002e | .003+.000e | .007=.000e | .010=.000e | .012%.000

J1 142+.001e | .140+.001e | .165+.0000 | .147+.001e | .149+.000e | .152+.000

glass NMI | .007+.002¢ | .007=.001e | .006%.010e | .029+.000e | .008+.001e | .249=.011

JI 401+.001e | .362+.000e | .360+.001e | .355+.002e | .352+.001e | .480+.004

umber NMI | .052+.031e | .100£.001e | .124=.003e | .129+.001e | .153+.000e | .575+.004

Cards JI 071+.010e | .092+.002e | .103+.001e | .077+.000e | .121+.000e | .345+.005
it NMI | .032+.010e | .090+.000e | .100=.00Te | .I181£.000e | .170+.001e | .382=.021

J1 211+.010e | .140+.001e | .205+.001e | 225+.001e | .191+.002e | .355+.009

ovironment | NMI | 097£.00Te | 189%.000e | .192£001e | 460+001c | 483%001c | 220£011

CIFAR J1 222+011e | 272+.002e | 352+.001e | .609+.0010 | .617+.0010 | .463+.004
oo NMI | .051+.010e | .183+.001e | .204+.002e | .497=.001e | .527=.001e | .764%.033

yp JI 142+.014e | 250+.002e | 371+.002e | .594+.000e | .662+.001e | .866.005

miversit NMI | .012+.001e | .217+.000e | 451=.001e 5 5 7793+.008

WebKEB y J1 180+.011e | .221+.002e | .352+.001e - ; 745+.014
category NMI | .011£.010e | .133+.001e | .106£.002e - - 296%.023

JI 142+.014e | .150+.002e | .137+.0026 - : 317+.027

Table 2: Performance of baselines on generating multiple clusterings. e/o indicates whether MLLM)/¢ is superior/inferior to the
other method, with statistical significance checked by pairwise ¢-test at 95% level. The best results are highlighted in bold font.

0.8+

COIL Fruit CMUface Cards CIFAR WebKB
B w/oContrast []w/oAttn [ w/oResidual B w/oMatch Bl MLLMy;c

Figure 2: Results of MLLM,;¢ and its variants.

cient semantic supervision, resulting in weaker feature fu-
sion and diminished discriminative capacity, which ulti-
mately degrades clustering performance. Furthermore, re-
moving cross-attention, residual connections or candidate
tags matching also causes performance degradation. The
cross-attention mechanism enables the model to selectively
attend to text features that are most relevant to the visual
sample, facilitating targeted semantic fusion and enhancing
representation alignment. The residual connection, on the
other hand, ensures that critical information in the original
visual features is preserved, particularly those elements that
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may not be fully captured by the text. The candidate tag
matching enhances the validity and accuracy of the gener-
ated textual descriptions. In summary, these factors enable
MLLMpsc to achieve high-quality multiple clusterings.

Furthermore, to validate the effectiveness of integrat-
ing visual and textual modalities and the extensibility of
MLLMjsc, we conducted three experiments. First, we com-
pare MLLMs¢c with unimodal clustering using image-only
and text-only inputs, as shown in Table 3. MLLM;¢ consis-
tently outperforms unimodal baselines, proving that modal-
ity fusion enhances the representation for clustering. No-
tably, text features often achieve better performance than the
image features, underscoring the critical role of semantic in-
formation. This observation again justifies that MLLMs can
enrich semantic features to boost multiple clustering. Next,
we evaluate MLLM,;¢ by alternative MLLMs to generate
textual descriptions for clustering and test on CIFAR-100,
a dataset with a larger number of classes. The results and
analyses are provided in the supplementary files.

In additon, we examined the hyperparameters of
MLLMpsc, including the number of transformer layers
Niayer, l€arning rate Ir, temperature parameter 7, and the
number of candidate semantic tags M, with the results
shown in the supplementary file. The results are stable
within a certain hyperparameter range and fluctuate mod-



COIL Fruit CMUFace Cards CIFAR
color shape color species identity pose emotion glass number suits environment type
image 0.025 0.275 0.409 0.559 0.518 0.002 0.003 0.001 0.154 0.175 0.066 0.008
text 0951 0.643 0.670 0.455 0.436 0.097 0.009 0.243 0.359 0.164 0.140 0.185
MLLMpc 0.990 0.662 0.694 0.623 0.658 0.120 0.012 0.258 0.575 0.382 0.213 0.764

Table 3: Performance comparison of unimodal clustering and MLLM),¢. The best results are highlighted in bold font, and the

second-best are marked with underlined.

erately beyond it, indicating MLLM,¢’s robustness and ef-
fectiveness across diverse conditions.
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a) Color and Shape clusterings on COIL.

(b) Identity, Pose and Glass clusterings on CMUface.

Figure 3: Multiple clusterings on COIL and CMUface.

Visualization and Discovery of Novel Clusterings

To illustrate the interpretability of multiple clusterings gen-
erated by MLLM,,¢, we visualize these for the COIL and
CMUFace datasets. Figures 3(a) displays clustering results
based on color and shape for COIL, where each row cor-
responds to a single cluster. Figures 3(b) presents identity-,
pose-, and glasses-based clusterings on CMUFace. Across
these cases, MLLM ¢ effectively distinguishes semantically
distinct clustering types that align with the target clustering
types set V*. These visualizations confirm the interpretabil-
ity and practicality of MLLMj,¢ in discovering and modeling
diverse, meaningful clusterings within complex datasets.

To further check whether MLLM);c can leverage the
prompting capabilities of MLLMs to discover novel clus-
tering types beyond user interests, we further visualize the
additional clustering types inferred by MLLMs that are not
included in Table 2 and summarize the sources of these types
in the supplementary files. Specifically, MLLM;¢c discov-
ers shape-based clustering on the Fruit dataset, and color-
based clustering on the Cards dataset. The shape of Fruit
can be categorized into four types: irregular, heart, round,
and banana, while Card suits can be divided into red and
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(a) Color clustering of Cards. (b) Shape clustering of Fruit.

Figure 4: 2D scatter plot of the newly discovered clustering
types by MLLMy/c.

black. Since these clustering types lack ground-truth anno-
tations, we apply t-SNE to visualize the clustering in a 2D
scatter plot. Figure 4 reveals that new clusterings generated
under these MLLM-suggested types exhibit clear structural
separability, with well-defined inter-cluster boundaries and
compact intra-cluster distributions, indicating strong seman-
tic alignment and discriminative capability. This suggests
that MLLLMs can serve as effective tools in exploratory and
heuristic clustering tasks, offering semantically coherent and
structurally meaningful clustering types.

Conclusion and Limitations

In this paper, we propose a MLLM-enriched multiple clus-
tering framework (MLLMps¢) that leverages the reasoning
and knowledge representation capabilities of MLLMs and
LLMs, and meticulously designed cross-attention based fu-
sion on top of MLLMEs, to address the key challenges of lim-
ited user interests and insufficient modality fusion in multi-
ple clusterings. Experimental results on benchmark datasets
demonstrate that MLLM ;¢ outperforms existing methods in
clustering diversity, quality and interpretability, and it can
uncover novel clustering types.

Limitations and Broader impacts of MLLM ;<. Despite
its effectiveness, MLLMjs¢ still has several limitations. Its
integration with MLLMSs may introduce biases or halluci-
nations that affect clustering. Moreover, the performance
of text generation depends on the generalization ability of
MLLM:s, which may vary across domains. Our work proves
that MLLMs can serve as effective guidance tools in ex-
ploratory and heuristic clustering tasks, empower the dis-
covery of semantically coherent and structurally meaning-
ful clusterings. Future work will incorporate domain knowl-
edge and improve robustness through adaptive prompting
and alignment refinement.
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