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Figure 1: We propose ITGC a new approach for text- gulded image clustering that takes a
set of unlabeled images, along with a high-level user text query, as input and automatically
returns a clustering of the images that is aligned to the user’s intent. ITGC conducts an
iterative search procedure, guided by an unsupervised objective, that enables it to discover
interpretable visual concepts to assist clustering.

Abstract

Traditional clustering methods aim to group unlabeled data points based on their
similarity to each other. However, clustering, in the absence of additional information, is
an ill-posed problem as there can be many different, yet equally valid, ways to partition a
dataset. Distinct users may want to use different criteria to form clusters in the same data,
e.g. shape vs. color. Recently introduced text-guided image clustering methods aim to
address this ambiguity by allowing users to specify the clustering criteria of interest using
natural language instructions. This instruction provides the necessary context and control
needed to obtain clusters that are more aligned with the users’ intent. We propose a new
text-guided clustering approach named ITGC that uses an iterative discovery process,
guided by an unsupervised clustering objective, to generate interpretable visual concepts
that better capture the criteria expressed in a user’s instructions. We report superior
performance compared to existing methods across a wide variety of image clustering and
fine-grained classification benchmarks.

© 2025. The copyright of this document resides with its authors.
It may be distributed unchanged freely in print or electronic forms.
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1 Introduction

Clustering is a fundamental task in computer vision, enabling the organization of unla-
beled visual data into meaningful groups based on inherent patterns contained within. How-
ever, traditional clustering methods attempt to address an ill-posed problem, as for any given
dataset, multiple equally different groupings/partitionings of the data can be valid. In the
fully unsupervised setting, there is no guarantee that a clustering method effectively groups
the data based on the visual criteria desired by the user. To obtain groupings that encode
structure that are relevant to the visual criteria of interest to users, some form of guidance to
direct the clustering process is needed.

Multiple clustering (i.e. multi-criteria) methods attempt to provide diverse partitionings
of unlabeled data [19, 39, 40, 59, 67], but they cannot be guided based on users’ preferences
and any structure discovered needs to be explained post-hoc. Category discovery methods
aim to group unlabeled data into clusters by leveraging the supervision signal available from
additional labeled data [15, 55, 61]. This labeled data guides the model during training
to extract the types of visual features deemed important and relevant for defining clusters
in the unlabeled data. This dependence on an already available labeled dataset limits the
applicability of these methods in scenarios where such labels are unavailable or when the
desired clustering criteria is dynamic and user-dependent. Moreover, existing methods can
be biased towards fixed semantic labels (e.g. semantic clusters [57]), and lack the flexibility
to accommodate multiple or nuanced clustering criteria.

Recently a set of text-guided clustering approaches have been proposed that capitalize on
advances in pre-trained large language models (LLMs) and vision-language models (VLMs).
They enable users to specify the clustering criteria they wish to group images with via a
concise high-level natural language instruction. IC|TC [29] uses an VLM to caption images
and then performs clustering in text space using an LLM, while Multi-MaP [68] generates
a set of language concepts using an LLM and then further refines VLM extracted image
embeddings using an optimization approach. While effective, these methods can fail to best
use the visual signal available [29] or produce non-interpretable representations [68]. Our
work takes a different definition for interpretable clustering. Instead of generating a human
readable cluster name like in IC|TC, our work performs clustering in a feature space where
each feature is described by a semantic name. This approach enables a more fine-grained
manipulation of the clustering by changing the features used for clustering.

We propose a novel Iterative and interpretable Text-Guided image Clustering approach
named ITGC that is inspired by recent work on learning interpretable image classifiers [8].
We begin with an Concept Generator, which processes a text query to produce an initial list of
concepts relevant to a users’ query. These language concepts are then mapped to images via
a Concept Encoder which results in a set of embeddings that encodes the relevance of each
concept for each image. These concept vectors can be clustered to form groups. The quality
of the resulting clusters is evaluated using an unsupervised loss which provides a feedback
signal to the Concept Generator to guide the generation of a further refined set of concepts.
This iterative process of concept generation, encoding, clustering, and evaluation continues
until convergence is achieved, ensuring that the model learns to more effectively cluster
images based on the user-provided criteria of interest. This allows for dynamic and flexible
clustering without the need for labeled examples or predefined distance metrics. Our results
show that ITGC obtains more accurate and meaningful clusterings, outperforming existing
zero-shot, multiple clustering, category discovery, and text-guided clustering methods.

In summary, we make the following contributions: (i) We introduce ITGC, a new ap-
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proach for text-guided image clustering that takes a text query as input and clusters unlabeled
data using a learned interpretable feature space. (ii) We show that iterative application of our
method, guided by an unsupervised objective, results in improved clusterings for successive
time steps. (iii)) We demonstrate superior performance over existing methods, providing in-
terpretable and user-aligned results on both existing multi-criteria and fine-grained datasets.

2 Related Work

Clustering. Clustering is an unsupervised task where the goal is to partition data points into
discrete groups. There is a large body of literature on classical methods that performing clus-
tering on fixed input features [21], but most success of late has come from deep clustering
methods that also learn visual representations [48]. Deep methods can be broadly grouped
into those that perform some form of alternating optimization between cluster assignment
and representation learning [62, 63] and those that perform end-to-end learning with a clus-
tering specific objective [14, 20, 22, 31]. Clustering objectives have also been shown to be
effective for learning visual features in the context of representation learning [1, 6, 7, 54].
The main limitation of conventional clustering methods is that they only produce a single
partitioning/clustering of the data.

A single clustering cannot capture the full diversity of most datasets, where multiple
valid groupings (e.g., by color or shape) may exist. Multi-criteria clustering addresses this
by generating multiple partitions of the data [19]. Note, multi-criteria clustering is distinct
from multi-view clustering [65]. In multi-view clustering each data instance is encoded us-
ing different modalities (e.g. text and images). Despite being more realistic, multi-criteria
clustering remains underexplored, partly due to limited benchmark datasets. Basic meth-
ods rely on varying clustering hyperparameters [3], but are constrained by feature expres-
siveness. Recent deep methods include matrix factorization requiring multi-view data [59],
augmentation-based diversity [67], and loss functions promoting distinct clusterings [39, 40].
However, these remain fully unsupervised and lack user control over the clustering criteria.

Label-guided Clustering. Given set of labeled and unlabeled data, category discovery
methods aim to partition the unlabeled data into a set of discrete groups. They can can
be viewed as a form of label-guided clustering, whereby the labeled data informs they
types of concepts/categories that should be discovered in the unlabeled data. For exam-
ple, if the labeled data contained a set of birds species, it would be reasonable to assume
that the unlabeled data should be grouped based on the ‘species’ criteria. In novel cate-
gory discovery it is assumed that the unlabeled data only contains instances from novel cate-
gories [11, 15, 16, 17, 64, 73, 76], while in the generalized setting the unlabeled data can con-
tain instances from both previously seen and novel categories [4, 10, 44, 47, 55, 57, 61, 71].
Various approaches have been explored in the literature, typically relying on some combina-
tion of self-supervised and supervised representation learning. There has also been work in
other variants of the discovery problem such as online/incremental [25, 50, 72, 74], feder-
ated [45], active [37], and work investigating the impact of different sets of labeled data [75].

With limited exception, most previous methods only investigate discovery in the con-
text of one visual criteria, i.e. the semantic category. This is predominately an artifact of
how existing category discovery datasets are constructed, i.e. the commonly used evaluation
datasets are typically generated from existing visual categorization datasets [56] where the
categories contained within correspond to semantic concepts (e.g. different dog breeds). As
a result, there is only one type of visual criteria (i.e. the semantic category) present in the
data. In practice, image data can be grouped using many different visual criteria. This type of
multi-criteria reasoning has been explored in metric learning in cases where the criteria are
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Figure 2: Overview of ITGC, our proposed text-guided image clustering method. (Itr. 1)
The Concept Generator first generates an initial set of concepts based on the user provided
text query. The Concept Encoder then encodes the images into the concept space to perform
clustering. An unsupervised clustering evaluation score is used to measure how effective the
clustering is. (Itr. 2) Then the Concept Generator takes the entire previous history, including
the concepts used for the previous clusterings and the scores for each clustering, to generate
a new set of concepts. This iterative process is repeated until convergence, or a predefined
number of iterations.

known in advance [58] or need to be estimated [26, 42]. While these metric learning meth-
ods aim to learn representations that encode different visual criteria simultaneously, they do
discover novel concepts within each criteria.

Vaze et al. [57] introduced the Clevr-4 dataset to study multi-criteria category discov-
ery, extending CLEVR [24] with four grouping criteria: shape, texture, color, and count.
Their experiments show that pre-trained vision models are biased toward certain criteria
(e.g., shape). However, their approach assumes access to labeled data for the target criterion.
In contrast, we consider a more realistic setting where only the name of the desired visual
criterion is known, without any labeled category examples.

Text-guided Clustering. Recent advances in vision-language models (VLMs) enable zero-
shot image classification by matching images to a predefined set of text-based concepts [23,
46, 70]. However, this requires the target concepts to be known in advance, limiting its use
for clustering. To address this, Li et al. [32] propose matching a large candidate vocabulary
(e.g., WordNet nouns [41]) to image clusters using CLIP, followed by filtering and k-means
on combined text-image features. While effective for single-criteria clustering, their method
is constrained by the vocabulary, produces only one clustering, and offers limited control.

The most relevant work to ours is IC|TC [29], which performs image clustering based
on user-specified text criteria. Given a set of unlabeled images, a textual criterion, and
the desired number of clusters, it uses a VLM (e.g., LLaVA [34]) to caption each image,
then summarizes the captions using an LLM (e.g., GPT-4 [13]) to generate candidate cluster
labels. These are clustered via k-means, and the LLM assigns each caption to a cluster.
Since the process operates solely on text after captioning, IC|TC is better viewed as a text
clustering method grounded in image-generated captions. Related work includes [51], which
injects domain knowledge into the captioning step, and [36], which jointly discovers both
criteria and clusters from captions. [35] also uses LLMs to generate concepts for fine-grained
categorization, but does not address multi-criteria clustering where ITGC is focused on.
Additionally, in experiments we show that ITGC can improves the generated concepts via an
unsupervised refinement process.

Multi-MaP [68] similarly generates concept words with an LLM and optimizes their
embeddings using gradient descent to match VLM features, but loses interpretability in the
process of obtaining the continuous embeddings. We also explore the same text-guided
clustering setting as [29, 68], but introduce an iterative approach that refines concepts over
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Figure 3: Examples of generated concepts for CUB. IC|TC [29] cannot meaningfully sep-
arate visual concepts when its captions for them are similar. In contrast, ITGC discovers
more interpretable concepts that better fit the clustering task, i.e. bird species clustering.

time, resulting in an interpretable concept-bottleneck style [27] representation for clustering.

We take inspiration from [8], which outlines an approach for evolving interpretable clas-
sifiers using a pre-trained LLM and VLM to iteratively discover a set of visual concepts
which can be used to represent a class. Their goal is classification, and they are provided
with images that are already grouped into different categories. However, the semantic cate-
gory text labels are not provided. They use the labels to train a classifier at each iteration to
help find more relevant concepts. In contrast, we begin with an unlabeled set of images and
are only provided a high-level criteria from the user which we use to discovery clusters.

3 Method

We first introduce our text-guided image clustering problem setting, and then describe
our new ITGC approach that leverages recent advances in vision-language and large lan-
guage models (VLMs and LLMs) in an iterative framework.

3.1 Problem Formulation

Our goal is to cluster unlabeled images based on a user-defined criteria provided via
a single natural language query/instruction. Our approach diverges from traditional clus-
tering and category discovery methods by eliminating the need for labeled datasets or pre-
defined distance metrics. Given a dataset D = {x1,X2,...,X,}, Le. a collection of images,
and a user provided natural language query 7T, the objective is to partition D into k clusters
C ={Cy,Cy,...,C¢} such that the clustering aligns with the visual criteria specified in the
query. Cy = {Xg,,Xk,,...,Xg, } contains the images in the k-th cluster. Here, each image x;
is assigned to only one cluster, but more than one image can be assigned to each cluster
as k << n. Thus we denote the clustering results as Dy = {(x1,y1), (X2,¥2),---, (Xn,¥n) }
where y; € {1,2,...,k} is the assignment for each image to a cluster.

3.2 ITGC Overview

The core idea of ITGC is to perform clustering in a language concept space, where each
dimension represents a score indicating the presence of a single language-based concept in
a given image. As a result, the clustering performed in this space can yield interpretable
results. By leveraging the knowledge encoded in LLMs, we can extract suitable concepts for
the given query criteria to guide the clustering process. In this context, a language concept
refers to a specific value of a visual attribute present in an image. For example, instead of
using a general concept like “bird wing colors”, we specify it as “bird wing color: red”.
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6 ZHAO AND MAC AODHA: ITGC

Specifically, we utilize an LLM as a Concept Generator ¢, to interpret the user provided
query 7 and generate a set of relevant concepts/attributes A = {ay,ay, ...,a; }. The Concept
Generator is explicitly prompted to generate concepts with specified values as mentioned
previously. These concepts serve as the basis for defining the clustering criteria. Next, a
Concept Encoder y, is employed to project each data point x; € D into the language concept
space. This is achieved by encoding x; into an embedding vector z;, where each dimension
corresponds to the significance of a concept in A. The resulting embeddings capture the
semantic alignment of each data point with the user-defined criteria. From this, an off-
the-shelf clustering method such as k-means is applied to these embeddings to partition the
dataset into clusters. This clustering process can be iteratively refined using ‘supervision’
from an unsupervised clustering quality metric such as the silhouette score. As discussed
later, this information provide feedback to the Concept Generator to enable it to generate a
more relevant set of concepts. This iterative feedback loop continues until convergence of the
unsupervised clustering quality metrics, better enabling the clustering process to adhere to
the user-defined query. By operating in the language concept space, ITGC provides enhanced
flexibility and interpretability via a clustering that is closely aligned with human intent.

Fig. 2 illustrates an overview of ITGC. The design of ITGC focuses on two key compo-
nents: (i) effectively encoding images into the language concept space to capture the user-
defined criteria and (ii) implementing an unsupervised iterative search process that refines
clustering through continuous feedback and evaluation. We present the details of these com-
ponents in the following sections.

3.3 Encoding Images into Concepts

Encoding images into the concept space is a critical step in aligning the clustering process
with the user-defined criteria. This involves transforming visual data into an interpretable
representation that still reflects the user’s criteria. We achieve this by leveraging pre-trained
VLMs, e.g. CLIP [46] or LLaVA [34], to bridge the gap between vision and language.

For CLIP, the process begins by encoding each image x into the CLIP embedding space
using its image encoder, e’ = CLIPimage(x) € R4, here d is the latent dimension of CLIP.
Simultaneously, the text descriptions of the LLM extracted concepts, generated by the Con-
cept Generator, are encoded into the same embedding space using CLIP’s text encoder
e = CLIPx((a,,) € R?. The similarity between the image embedding and each text em-
bedding is then calculated, resulting in a vector z, for each image, that denotes the relevance
of each concept in an image. Specifically, the m-th dimension of z equals the dot product of
e’ and e, i.e. z,, = €" - ™. This approach allows the clustering algorithm to operate in an
interpretable space, aligned with the user’s query, facilitating more interpretable clustering.

In the case of LLaVA, the extraction of each concept is formulated as a question, such as
“Please indicate the level of the presence of concept in the given image in a number between
0-10." LLaVA processes these questions and provides numerical outputs that represent the
presence of each concept in an image. These outputs are used to encode a vector for each
image, capturing the semantic alignment with the user-defined criteria. This method enables
a nuanced representation of concepts, enhancing the model’s ability to adapt to diverse and
complex datasets.

3.4 Concept Refinement via Iterative Search
The steps outlined previously result in a single set of language concepts and a set of per-
image scores indicating how relevant the concepts are to each image. Next, inspired by [8],

we introduce an iterative search process designed to refine the clustering by continuously
enhancing the alignment between the generated concepts and the user-defined criteria. A
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single instruction/prompt to the Concept Generator LLM may not yield sufficiently expres-
sive queries, as the LLM lacks specific knowledge about which types of prompts best align
with the Concept Encoder. To address this, we propose an iterative search mechanism. We
note, that while our approach is iterative, it still only requires a single text query from the
user at the start.

At each iteration, the LLM, serving as the Concept Generator, has access to all previously
generated sets of concepts and their corresponding evaluation scores. This historical context
allows the LLM to assess the effectiveness of past concept sets and understand how the
Concept Encoder responds to different prompts. The LLM is explicitly instructed to mutate
and evolve these previous concepts, where the aim is for it to discover a set of concepts that
yields improved unsupervised clustering performance. Importantly, the LLM is informed
that its output will be used for encoding images, prompting it to generate concepts that
correspond to visual features. This ensures that the generated concepts are interpretable and
relevant for visual data. The precise prompt used for mutating and evolving the previous
concepts is provided in Appendix C.3.

The iterative process is facilitated by a feedback loop that evaluates the quality of the
clusters using an supervised clustering metric that does not require label information. This
feedback guides the LLLM to adjust and refine the concept set A, allowing it to better align
with the Concept Encoder y, for the clustering task. Specifically, we denote the concept set
used at the j-th iteration as A}, the feedback at the j4 1-th iteration contains the concept
sets {A1,A2,...,.A;}, and the silhouette scores for each of the concept sets {s1,s52,...,5;},
where s, is the silhouette score for the j-th iteration. The silhouette score is an unsupervised
metric used to evaluate the quality of a clustering algorithm [49]. By iteratively updating the
concepts and re-projecting the images into the updated concept space, the ITGC converges
towards a clustering solution that better satisfies the user’s intent. This dynamic process
not only enhances its adaptability to diverse datasets but also ensures that the clustering
remains flexible and responsive to nuanced user preferences. Note, that ITGC does not
require any training of the vision backbone model or the language model, as the search
iterations are purely done in the language space using prompts. Thus, the search process of
our model can be completed much faster compared to other methods that use gradient-based
optimization [67, 68]. The overall pseudo-code of our method is provided in the appendix.

4 Experiments

4.1 Implementation Details

Models. We utilize existing pre-trained large models where possible. Specifically, for the
Concept Generator, we use the open-sourced LLM from DeepSeek-V2 [33], as it demon-
strates strong performance at a relatively low cost. We also include results using the closed-
source GPT-4 [13] which further enhances the performance. We evaluate two different ways
of encoding images into the concept space for our Concept Encoder; a CLIP or a LLaVA
encoder. For the CLIP model, we use the CLIP-L/14 model, and for the LLaVA model, we
use the LLaVA-v1.6-34B model. For the clustering process, we perform k-means cluster-
ing. Note, here we assume the number of clusters k is known before hand for us to perform
k-means clustering. However, it is straightforward to use other clustering methods such as
DBSCAN [9] which do not require the number of clusters a-priori (see Appendix).

Datasets. We evaluate our method on a diverse set of datasets to showcase its versatility.
Specifically, two different dataset types are used; multi-criteria and fine-grained classifica-
tion datasets. The multi-criteria clustering datasets each contain between two and four dif-
ferent high-level visual criteria, where each criteria induces a different clustering of the data.
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Dataset | Type | Stanford 40 Actions [66] | Clevr-4 [57] | ImageNet-R [18]
Criteria ‘ ‘ Action Location Mood ‘ Texture Shape Count Color ‘ Class  Rendition
CLIP [46]* Zero-shot 78.3 80.4 80.1 342 74.5 74.5 335 | 75.8 335
SimGCD [61]° Discovery 78.6 79.4 80.4 35.6 75.0 746 340 | 763 33.8
SCAN [54] Clustering 39.7 35.9 25.0 28.5 54.1 306 315 | 60.1 18.9
AugDMC [67] Clustering 65.6 45.6 40.2 28.9 50.2 356 276 | 453 25.4
IC|TC [29] Text-guided | 77.4 822 79.3 379 735 76.5 302 | 69.3 319
Multi-MaP [68] Text-guided | 79.5 83.5 81.5 345 75.6 748 356 | 764 34.0

Ours (w. LLaVA [34]) | Text-guided | 81.0 81.2 83.5 36.0 76.0 752 362 | 770 33.6
Ours (w. CLIP [46]) Text-guided | 80.2 86.7 85.3 353 76.4 75.7 36.0 | 78.4 36.7

Table 1: Results on multi-clustering datasets. Our ITGC approach demonstrates supe-
rior performance compared to existing baselines. The zero-shot CLIP performance denoted
with * has access to the ground truth class names, and the SimGCD method denoted with t
has access to a small set of labeled examples. We can see that our method obtains stronger
performance than these two methods despite their use of this additional information, indicat-
ing the effectiveness of our iterative search process.

For example, for the criteria ‘shape’, objects are grouped based on their shape, whereas the
criteria ‘color’ results in a different grouping. We evaluate on the Stanford 40 Actions [66],
ImageNet-R [18], Fruits-360 [12], Cards [5], and the larger-scaled dataset Clevr-4 [57].
These datasets present various challenges in discovering multiple independent clusterings
structures within the datasets. For fine-grained evaluation, we use CUB-200 [60], Stanford
Cars [28], and FGVC Aircraft [38]. The fine-grained nature of these datasets necessitates
that a model can understand nuanced visual concepts and thus represent a challenging test
case of our ability to generate interpretable spaces for clustering.

Evaluation. The evaluation protocol is similar to that used in category discovery [55], as we
need to generate a match between the predicted clusterings from the model and the ground
truth clustering. During evaluation, given the ground truth y* and the predicted label J, the
accuracy (ACC) is calculated as ACC = & Y'¥  1(yf = p(§;)) where M = |D|, and p is the
optimal permutation that matches the predicted cluster assignments to the ground truth.

4.2 Results on Multi-clustering Datasets

In Tab. 1 we evaluate ITGC on several multi-clustering datasets. Compared to the base-
line methods of zero-shot CLIP, which receives the cluster names as input, and SimGCD,
which is provided with a set of labeled examples as input, we observe that ITGC consistently
outperforms them under the different input criteria/queries. This indicates the effectiveness
of our method in understanding the clustering criteria. Compared to methods that are specifi-
cally designed to handle text-guided and multi-criteria clustering (e.g. AugDMC, IC|TC, and
Multi-MaP), we obtain an increase in performance. We attribute this performance improve-
ment to the better alignment of the language concepts and the concept encoder. This concept
alignment is a result of the iterative search procedure of our method, which enables it to
automatically find the concepts more relevant to the user indicated clustering task. Previous
methods either use one-off prompting [46], hand-designed augmentation priors [67, 68], or
human-in-the-loop optimizations [29] that do not fully utilize the possible space of concepts
for the clustering. Fruits360 and Cards are two datasets that have been used in previous liter-
ature on multi-criteria clustering. In Tab. 2 we report performance on these two datasets. We
consider Fruits360 and Cards as easy datasets as the criteria for clustering is simple and the
number of images in the datasets is also small. We can see that all models perform well on
these two datasets, and that our proposed approach also obtains strong performance across
the different clustering criteria.
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Dataset | Type | Fruits-360 [12] | Cards [5] Dataset | Type | CUB Cars Aircraft
Criteria | | Species  Color | Rank ~ Suits CLIP [46]* 514  60.1 25.6

Zero-shot

CLIP [46]* Zero-shot 92.5 914 | 967 93.0 SimGCD [61]F ‘ Discovery 534 613 27.9
SimGCD [61]F Discovery 90.1 91.9 | 950 934 AugDMC [67] Clustering 246 356 20.5
AugDMC [67] Clustering 89.7 90.5 | 87.3  80.6 IC|TC [29] Text-guided | 48.9 62.1 31.4
IC|TC [29] Text-guided 90.4 89.2 934 925 Multi-MaP [68] Texl-guided 47.8 64.0 32.1
Multi-MaP [68] Text-guided 90.8 89.8 932 914

Ours (w. LLaVA [34]) | Text-guided | 904 905 | 946 91.0 Ours (w. LLaVA [34]) | Text-guided | 52.7  63.5  28.7
Ours (w. CLIP [46]) | Text-guided | 91.6  90.1 | 958 937 Ours (w. CLIP [46]) | Text-guided | 57.8 654  34.5

Table 2: Results on additional multi- Table 3: Results on fine-grained classifica-
criteria clustering datasets. Here, * denotes tion datasets. These fine-grained datasets re-
access to ground truth class name and i de- quire models to Optimize for subtle visual de-

notes access to a small set of labeled exam- tails to separate the categories. Our ITGC ap-
ples. proach shows significant improvements, dis-
covering sufficient fine-grained structure.

4.3 Results on Fine-grained Datasets

Here we evaluate our method on fine-grained classification datasets which only contain
a single clustering criteria (i.e. the semantic category). This requires models to be able to
capture and compare the subtle visual difference within the image clusters to be able to dis-
tinguish fine-grained classes. We report performance on CUB-200 [60], Stanford Cars [28],
and FGVC-Aircraft [38] in Tab. 3. We can see that these datasets pose a greater challenge
for the models evaluated. This is evident by the fact that the CLIP baseline does not perform
well on these datasets, despite being given the class names. SimGCD, a category discovery
method, leverages a set of labeled examples, and thus demonstrates improved performance.
If the signal for learning the clustering criteria is only applied on the coarse augmentation
level, as in the case of AugDMC, we observe that it does learn to perform fine-grained
clustering well. IC|TC and Multi-MaP also demonstrate a lower performance as they only
optimize the search for the suitable clustering criteria in the text space. Our method demon-
strate strong performance on these datasets, as it is able to better align the language concept
space to the encoder space. In Fig. 3 we display qualitative results comparing the clustering
results of our ITGC approach to the recent IC|TC [29] on CUB. In contrast, ITGC is able to
generate more detailed concepts that are relevant to the objects of interest in the images.

4.4 Ablations

Search Iterations. In Tab. 4, we present the

results of varying the number of search iter- ~_Encoder #1us. | Clevr-4 | cus
ations. At the beginning of the search, the Criteria ‘ Texture Shape Count Color ‘ Species
: : CLIP 1 315 7001 715 300 | 467
ITGC already.results in a good cluste.rl.ng oLIP s w2 me 138 35| s03
thanks to the image-text alignment ability  cLp 10 | 357 759 754 358 | 57.9
of the CLIP (or LLaVA) model and the rea- 15 | 353 764 757 360 | 578
. - . LLavA 1 301 682 662 278 | 435
soning ability of the LLM. As we increase  [[,ua s 24 701 683 312 | 413
the number of search iterations, the Concept ~ LLavA 10 | 351 745 735 345 | 486

LLaVA 15 36.0 76.0 752 36.2 52.7
Table 4: Impact of search iterations.

Generator begins to align more effectively
with the Concept Encoder, and therefore re-
sults in improved performance. We can also see that for CLIP the performance saturates after
a certain number of iterations, this indicates the search converges to a set of useful concepts
for the given clustering criteria. The search process only involves prompting an LLM and
performing forward passes through a pre-trained model. As a result, the computational cost
of our search process is significantly lower than gradient-based optimization methods.
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Encoder \ Clevr-4 | cus Encoder | Auxiliary Info. [ Clevr-4 | cus
Criteria ‘ Texture  Shape Count  Color ‘ Species Criteria ‘ ‘ Texture Shape Count Color ‘ Species
CLIP [46] 353 764 757 360 | 578 CLIP | None 353 764 757 360 | 578
CoCa [69] 367 778 762 365 | 593 CLIP | Partial Labels 384 800 794 385 | 599
EVA-CLIP [52] 372 784 768 375 | 610 CLIP | Example ClassName | 386 804 792 387 | 597
LLaVA-1.6 [34] 36.0 760 752 362 | 527 LLaVA | None 360 760 752 362 | 527
LLaVA-OneVision [30] | 37.6 772 754 368 | 532 LLaVA | Partial Labels 71 79 784 375 | 534
GPT-4o [43] 38.9 79.4 773 375 576 LLaVA | Example Class Name 38.0 78.4 79.0 37.6 533
Table 5: Impact of stronger models. Table 6: Impact of auxiliary information.

Stronger Models. In Tab. 5, we explore the impact of using stronger models for both the
Concept Generator and Encoder in ITGC. CoCa [69] improves upon CLIP [46] by adding
an additional image captioning objective to enable the model to obtain better alignment, and
EVA-CLIP [52] incorporates improved representation learning, optimization, and augmen-
tation to achieve superior performance compared to previous CLIP models with a smaller
training cost. Using stronger models than CLIP for the Concept Encoder improves per-
formance. This demonstrates that the iterative search process in ITGC is able to utilize the
better alignment of the image and text from the stronger models. LLaVA-OneVision [30] and
GPT-40 [43] are more performant than the LLaVA-1.6 model used in previous experiments.
LLaVA-OneVision utilizes more instruction tuning data to fine-tune the model and supports
higher resolution inputs. It has also uses a larger LLM, QWen-2.0 72B [2], as its decoder.
GPT-40 [43] is one of the most advanced multi-modal language model currently available
for image understanding tasks. Our evaluation utilizing these stronger models demonstrates
that ITGC is able to leverage the stronger models’ capabilities to perform superior clustering
that better matches the user’s intent.

Using Auxiliary Information for Search. In our previous experiments, the search process
is performed using only the feedback from the silhouette score derived from the current
clustering. In Tab. 6, we present results where we use richer feedback signals to further assist
the search process. ‘Partial Labels’ denotes the case where we allow the model to have access
to the labels of 10% of all examples for the specified clustering criteria. The model can use
the clustering accuracy on these examples as a more direct feedback signal for the iterative
search process. ‘Example Class Name’ adds three example ground truth class names, for the
given dataset and criteria, to the prompt for the Concept Generator so it can produce more
relevant concepts for clustering. Note that these two forms of auxiliary information can
be relatively cheap to obtain in practice, yet from our experiments, can greatly improve the
performance of ITGC. This illustrates the flexibility of ITGC, demonstrating that it performs
well given varying amounts of supervision.

5 Conclusion

We introduced ITGC, a new approach for text-guided clustering that uses an iterative
search procedure to discover interpretable concepts for performing clustering to satisfy a user
provided criteria. The search procedure is guided by an unsupervised clustering objective,
and can generate interpretable concepts to help the user understand the clustering results. In
our experiments, we demonstrate that ITGC is able to outperform existing baselines on the
tasks of multi-criteria clustering as well as fine-grained image clustering.

Limitations. Despite our performance improvements over previous methods on the chal-
lenging real-world problem of text-guided clustering, limitations still exist. For example not
all visual concepts can be conveyed easily via language, thus ITGC will not work as well in
such cases. For some fine-grained concepts, visual examples may need to be used, which is
not possible with ITGC.

Acknowledgements. This work was in part supported by a Royal Society Research Grant.
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