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Flgure 1. Organizing unstructured image collections with X’-Cluster. Mid: We propose X -Cluster, Wthh takes any unstructured image
collection as input, automatically discovers multiple criteria (e.g., Activity or Location) that meaningfully group the data, and outputs
images organized into semantic clusters under each criterion, without any prior knowledge. We demonstrate X’-Cluster as a versatile tool
for real-world analysis: i) Left - uncovers surprising novel biases (e.g., “Hair color” or “Hair style”) when applied to text-to-image (T2I)
model outputs, and ii) Right - reveals visual factors (e.g., “Dramatic” color or “Intensive” emotion) that drive social media posts virality.

Abstract

In this work, we introduce and study the novel task of Open-
ended Semantic Multiple Clustering (OpenSMC). Given a
large, unstructured image collection, the goal is to automat-
ically discover several, diverse semantic clustering criteria
(e.g., Activity or Location) from the images, and sub-
sequently organize them according to the discovered crite-
ria, without requiring any human input. Our framework,
X-Cluster: eXploratory Clustering, treats text as a rea-
soning proxy: it concurrently scans the entire image col-
lection, proposes candidate criteria in natural language,
and groups images into meaningful clusters per criterion.
This radically differs from previous works, which either as-
sume predefined clustering criteria or fixed cluster counts.
To evaluate X-Cluster, we create two new benchmarks,
COCO-4C and Food-4C, each annotated with four distinct
grouping criteria and corresponding cluster labels. Exper-
iments show that X-Cluster can effectively reveal mean-
ingful partitions on several datasets. Finally, we use X-
Cluster to achieve various real-world applications, includ-
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ing uncovering hidden biases in text-to-image (T2I) gener-
ative models and analyzing image virality on social media.
Project page: https://oatmealliu.github.io/xcluster.html

1. Introduction

When organizing a large collection of unlabelled images, a
natural question arises: how should we group them? One
could imagine many possible criteria, i.e., based on Ac-
tivity, Location, or even Color. Yet, it is often unclear
which criterion, if any, best describes the dataset, or whether
multiple valid grouping principles coexist. As a result, the
seemingly simple task of clustering images becomes chal-
lenging, as it is influenced by both the visual appearance of
the data and their underlying semantics. However, tackling
this open-ended unsupervised task of automatically uncov-
ering diverse and interpretable substructures within large
image collections is pivotal for many applications, such as
social media recommendation [13] and dataset auditing [4].
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Existing clustering approaches still heavily rely on an
iterative, human-in-the-loop interpretation and refinement
process. Typically, we begin by setting a few hyperparam-
eters (e.g., the number of grouping criteria or clusters) for
Deep Clustering (DC) methods [11, 90] to get a single parti-
tion, or for Multiple Clustering (MC) methods [107] to pro-
duce several partitions showing different views of the data.
We then inspect sample images from each cluster, hoping
they correspond to meaningful categories (e.g., “Surfing” or
“Skateboarding™) and, ideally, that all clusters follow a co-
herent criterion (e.g., Activity). When such patterns fail
to emerge, we tweak the hyperparameters and try again un-
til the clusters finally make sense to us. This labor-intensive
trial-and-error loop exists because i) the resulting clusters
are not directly interpretable, being represented only as in-
dex assignments. ii) both DC and MC methods converge
to solutions shaped by model inductive biases and hyperpa-
rameter settings, rather than the data’s intrinsic semantics.

To enhance controllability and interpretability, recent
studies have introduced Text-Conditioned Multiple Cluster-
ing (TCMC) [105, 106]. TCMC approaches employ Multi-
modal Large Language Models (MLLMs) [49, 70] to gener-
ate semantic clusters based on user-defined criteria and as-
sign images accordingly, producing human-understandable
cluster labels. However, these approaches assume that users
already know meaningful ways to organize the dataset. As
datasets grow in size and complexity, defining such crite-
ria becomes increasingly unrealistic. Moreover, by rely-
ing on static preset criteria, this paradigm may overlook
previously unknown grouping dimensions that organically
emerge from ever-evolving data.

In this paper, we introduce the task of Open-ended
Semantic Multiple Clustering (OpenSMC), the first task
that aims to automatically generate open-ended and in-
terpretable groupings of large, unstructured image collec-
tions without any human priors. Specifically, the goal of
OpenSMC is to discover clustering criteria directly from the
data and uncover their corresponding semantic clusters to
organize images accordingly. This task is particularly chal-
lenging because i) it requires concurrent reasoning over all
images to identify valid clustering criteria, and ii) it assumes
no access to user knowledge about either the clustering cri-
teria or the number of clusters. Tab. | summarizes the key
differences between OpenSMC and other paradigms.

To address OpenSMC, we make the following contribu-
tions. First, we introduce X’-Cluster: eXploratory Clus-
tering, a novel training-free two-stage framework powered
by MLLMs [43, 44, 49] and LLMs [61]. X-Cluster con-
sists of two consecutive modules: the Criteria Proposer and
the Semantic Grouper. The Criteria Proposer employs a
LLM to holistically reason over the entire image collection
through textual representations to discover potential clus-
tering criteria. For each discovered criterion, the Semantic
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Table 1. Comparison of different clustering paradigms. Unlike
DC, MC, and TCMC settings, the proposed OpenSMC task does
not assume any prior knowledge and offers interpretable results.

DC MC TCMC OpenSMC
.. Knowledge # Criteria v
39: Text Criteria v
Knowledge # Clusters v v v
< Multiple Clustering v v v
g‘ Interpretable v v
© Open-ended v

Grouper then organizes images into distinct semantic sub-
structures based on their criterion-related visual content. As
shown in Fig. 1(mid), our X'-Cluster automatically discov-
ers clustering criteria (e.g., Activity, Location) and un-
covers their corresponding semantic clusters (e.g., “Surf-
ing”, “Skateboarding” under Activity), all expressed in
human-interpretable natural language.

As our second contribution, we introduce two realistic
and large-scale benchmarks, COCO-4c and Food-4c, each
annotated with ground-truth data for up to four clustering
criteria. Using them, we comprehensively evaluate the ef-
fectiveness of our method in both criteria discovery and
semantic grouping. As our third contribution, we demon-
strate the versatility of X-Cluster by applying it across di-
verse applications. When applied to occupation portrait im-
ages generated by text-to-image (T2I) generative models
(Fig. 1(left)), it uncovers novel occupational biases, such
as DALL-E3 [3] associating CEOs with “dark” and “short”
hair, beyond well-known biases (e.g., Gender). When ap-
plied to social media image posts, X'-Cluster finds that im-
ages featuring “dramatic” colors, “intense” emotions, or
‘urban eclectic” clothing styles tend to attract greater popu-
larity online. These findings show that X'-Cluster is a prac-
tical tool for understanding large-scale unstructured visual
data, enabling the discovery of novel, unexpected patterns.

2. Related Work

Image Clustering. Deep clustering learns visual features
and produces a single partition of an unlabeled dataset via
self-supervision [11, 12, 81]. Multiple clustering extends
this idea, seeking multiple non-redundant partitions with
data augmentations, diversity losses, or subspace meth-
ods [34, 62, 78, 104, 107]. Despite steady progress, both
paradigms share key limitations: i) their results are shaped
by model inductive biases and training algorithms, limit-
ing generalization beyond object-centric data and often mis-
aligning with user intent or data semantics; and ii) clusters
are produced as numeric indices rather than human-readable
names. In contrast, X'-Cluster derives both meaningful cri-
teria and cluster names directly from unlabeled data.

Text Criterion conditioned Multiple Clustering. TCMC
lets users steer clustering by specifying the grouping crite-



ria. Learning-based approaches such as MMaP [105] and
MSub [106] first use GPT-4 [1] to generate reference words
(e.g., fruits colors like “Red” or “Green”) conditioned on
the user-provided criterion (e.g., Color-based fruits cluster-
ing). They then optimize learnable image embeddings by
aligning with these criterion conditioned reference words.
Training-free methods instead translate images into text.
IC|TC [42] first captions each image with LLaVA [50] con-
ditioned on the user’s criterion, then uses GPT-4 to refine
the captions and assign cluster names for a user-specified
number of clusters. SSD-LLM [58] strengthens IC|TC by
augmenting the prompt with the dataset’s primary object la-
bels. Similar ideas have also been explored in applications
such as visual trend discovery [17], bias analysis [21, 27],
and robot failure diagnosis [28]. While X'-Cluster like-
wise uses text as its reasoning medium, it fundamentally
differs from TCMC in two key aspects: i) it automati-
cally discovers the grouping criteria rather than relying on
a user-supplied one; ii) it infers both the number and the
names of clusters, requiring no user-specified parameters.
Topic Discovery. OpenSMC is also related to Topic Discov-
ery [5, 22, 97] in NLP, which identifies latent themes [94,
110, 111] or events [66, 87] from text corpora. Our work
similarly aims to uncover common themes from large, un-
structured data but operates on images, which is more chal-
lenging since i) visual semantics are implicit, unlike text
where meaning is explicit, and ii) no current vision model
can reliably reason over large image sets.

3. Open-ended Semantic Multiple Clustering

Task Definition. Given a collection of unlabeled images
D = {x,}_,, the goal of Open-ended Semantic Multiple
Clustering is to build a system, H, that automatically i) dis-
covers a set of L grouping criteria R = { R}/, described
in natural language, and ii) finds interpretable substructures
O, for each criterion by uncovering semantically meaning-
ful clusters and assigns images to them. Formally, we define
an OpenSMC system as:

K L
Rl )
k=1 1=1

where each cluster C, is characterized by a semantic name
st and a subset of images DL C D that share the same
semantics. A criterion I?; refers to a theme for grouping im-
ages, such that all the clusters under R; should align with
the theme. As shown in Fig. 1(top), if R; Activity,
each cluster under this criterion should collect images D},
that depict an activity, such as sﬁc “Surfing”. If R; =
Location, the same dataset should be organized into clus-
ters like “Restaurant”, “Sports facility”, and so on.

An OpenSMC system should find R and O; automat-
ically, both expressed in natural language. In contrast to

H:Dw— {Ol = {Cllg = (5277)2)}
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Species: Banana R Rank: Ace
Color: Yellow Suit: Spades
i Criterion  Label Criterion  Label
n . Color: Green
| M Action: Jumpin
A ! . _p g. Texture: Metal
A Location:  Residential area Shape: Torus
Action-3c | Mood: Joyful Count: 7
Criterion Label i Criterion Label
Activity: Skateboarding Food Type: Caprese salad
Location:  Urban area Cuisine: Italian
Mood: Adventurous Course: Appetizer
Time of Day: Afternoon Diet: Vegetarian

Figure 2. OpenSMC benchmarks. We introduce two new chal-
lenging benchmarks: COCO-4c¢ and Food-4c. We show all anno-
tated criteria and the corresponding labels for the example images.

TCMC setting, where criteria /R and the corresponding
cluster counts K are preset by human operators.

Benchmark. Evaluating OpenSMC methods requires
benchmarks that can be partitioned under multiple criteria.
Currently, only a few benchmarks [107] support the eval-
uation of OpenSMC methods: Fruit-2c [64], Card-2c [36],
Action-3c [42], and Clevr-4c [92]. As shown in Fig. 2, these
benchmarks are limited by their object-centric nature with
simple backgrounds (e.g. Fruit-2¢), an insufficient number
of criteria (e.g. up to three in Action-3c), and a lack of pho-
torealism due to synthetic generation (e.g. Clevr-4c).

Given that the data encountered in real-world applica-
tions is more complex, we annotate and propose two new
benchmarks for OpenSMC: Food-4c and COCO-4c. Food-
4c is sourced from Food-101 [8], which includes 101 Food
type (original annotations), along with new annotations for
15 Cuisine types, 5 Courses types, and 4 Diet prefer-
ences, totaling four clustering criteria. Additionally, we
introduced COCO-4c using images from COCO-val [47],
where we annotated four criteria with varying number of
clusters: 64 Activity, 19 Location, 20 Mood, and 6 Time
of day. Examples of these newly constructed benchmarks
are shown in Fig. 2. Further details, such as cluster names
and the annotation pipeline, are provided in Supp. D.

4. Method

The goal of an OpenSMC system is to first discover mean-
ingful grouping criteria (or themes) from an unstructured
image collection by finding commonalities among the im-
ages, and then group them into semantic clusters as per
the discovered criteria. This is particularly a challeng-
ing task because it requires reasoning over the visual con-
tent of all images simultaneously. To address OpenSMC,
we diverge from representation learning-based MC ap-
proaches [105, 106], as no existing model can yet encode
large image sets and reason over them reliably. Instead, we
convert the visual content of all images into text and use text
descriptions as a proxy to discover the grouping criteria and
the semantic substructures.

System Overview: As illustrated in Fig. 3, our proposed
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Figure 3. X-Cluster consists of a Criteria Proposer and a Semantic Grouper. (left) Given a set of images, the Proposer discovers.
and outputs a pool of grouping criteria in natural language. (right) The Grouper subsequently extracts criterion-specific descriptions
from images relevant to each criterion, discovers the underlying semantic clusters, and groups each image at three semantic granularity
levels. Results shows an example, as how an unstructured image collection can be grouped into clusters of different semantic granularity
corresponding to criterion “Location”. See Supp. F for implementation and prompt details.

X-Cluster is a two-stage framework that is composed of
two modules: Criteria Proposer and Semantic Grouper.
The Criteria Proposer processes the entire image set D to
discover diverse common themes among the images and
proposes grouping criteria R in natural language (e.g. Lo-
cation). Once the criteria are proposed, the Semantic
Grouper uncovers the substructure O; of D by discover-
ing distinct semantic clusters and assigning images to their
respective clusters (e.g. “Tennis Court”), adhering to each
criterion R; € R. As the OpenSMC task operates without
user priors to guide semantic granularity, we also design
our Semantic Grouper to automatically discovers O; across
multiple granularity levels, from coarse (e.g., “Outdoor”) to
mid (e.g., “Recreation”) to fine (e.g., “Tennis Court”), and
organizes the images accordingly. In this work, we explore
three design choices for both the Proposer and the Grouper.
Due to space constraints, only the main variant of X' -Cluster
is illustrated in Fig. 3, while the illustrations of the alterna-
tive variants and additional implementation details, includ-
ing the exact prompts, are provided in Supp. F. Next, we
describe each variant in detail.

4.1. Criteria Proposer

As shown in Fig. 3(left), the Proposer takes as input a set
of input images and generates distinct grouping criteria (or
Criteria Pool) in natural language. Its core design principle
is the ability to concurrently reason across a large set of
images. Next, we explore three systematic approaches.

[Caption-based Proposer (main):] To enable reasoning
over a large image set for criterion discovery, we first lever-
age a MLLM [49] to generate a comprehensive caption e,
for each image, converting its visual content into text rep-
resentations e, = MLLM(x,,). The resulting caption set
{en }]_, serves as arich and holistic semantic proxy for the
image collection D. Using these compact textual proxies,
we then prompt a LLM [61, 70] to jointly analyze the ag-

gregated visual content and propose multiple valid grouping
criteria, denoted as R = LLM({e,, }2__;). As an example,
the LLM could use different cues such as “Tennis”, “grassy
field”, “rock wall” in the captions (see Fig. 3) and its rea-
soning capability to discover the criterion “Location”, since
they are usually associated to a physical location, albeit lo-

cations may not explicitly appear in any caption.

(Tag-based Proposer (alternative):] Instead of using cap-
tions as textual proxies for reasoning, we further explore
an approach that relies on image tags. Specifically, us-
ing the WordNet [63] vocabulary as the candidate tag set,
we employ an open-vocabulary tagger (e.g., CLIP [79])
to assign ten tags t;, to each image as {t;,}12;
Tagger(x,,, WordNet). These tags act as concise semantic
descriptors that summarize the key elements present in each
image. We then aggregate all assigned tags and prompt a
LLM to analyze them jointly and propose grouping criteria
as R = LLM({{t;.,}12,}20,).

[Image-based Proposer (alternative):] Lastly, we explore
an approach that reasons directly over images rather than
their textual proxies. Since no existing model can reli-
ably encode large image sets at once, we adopt a simple
workaround: divide D into 64-image batches, stitch each
batch into an 8 x 8 grid as a single composite image, and
feed the resulting image grids to a MLLM. The model is
prompted to propose grouping criteria from each grid, and
we aggregate and deduplicate these subset proposals to ob-
tain the final criteria set R.

Criteria Refinement: The accumulated criteria in R may
contain redundant or noisy entries, such as semantically
overlapping concepts (e.g., “Outdoor” vs. “Open space”) or
irrelevant ones (e.g., “High resolution”). To clean them, we
input all initially proposed criteria into a LLM, prompting
it to consolidate similar ones and discard noise. This yields

a refined criteria set R = LLM(R), which is then stored in
a pool for the subsequent substructure discovery stage.
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4.2. Semantic Grouper

Each discovered criterion R; € R serves as a thematic in-
dicator for a distinct semantic substructure J; within the
image set D. To uncover these substructures, as shown
in Fig. 3(right), the Grouper takes D and each criterion
Ry as inputs, discovers cluster names {sﬁv},ﬁl, and groups
images DL to their corresponding clusters. As a result,
the interpretable substructure O; = {C! (52, ng) f 2
emerges for each R;. The core design of the Grouper fo-
cuses on aligning semantic substructure discovery with the
given partitioning criterion. Like the Proposer, we explore
three distinct approaches for the Grouper.

Furthermore, as clusters under a given criterion can be
formed at varying semantic granularities based on user pref-
erences, we have designed our Grouper to clusters D at
three levels: coarse, middle, and fine-grained. This allows
X -Cluster to provide insights at different granularities. For
example, under the Cuisine criterion, X'-Cluster can orga-
nize images at a coarse continental level (e.g., “European”
or “Asian”), a middle regional level (e.g., “Mediterranean”
or “Southeast Asian”), or a fine national level (e.g., “Ttalian”
or “Thai”). See Supp. F.2 for design details.

[Caption-based Grouper (main):] Given a target criterion
R;, we prompt the MLLM to generate criterion-specific
captions that focus exclusively on the visual content rel-
evant to R; for each image, as e/, = MLLM(x,, R;).
Next, we design a Multi-granularity Group Assignment
(MGA) module that uses the LLM to group images
into clusters across multiple semantic granularity levels
through a three-step process: i) Initial Naming: The
LLM assigns a provisional class name to each caption
as s, = LLM(el,R;), producing an initial set of
names S.; ii) Multi-granularity Cluster Refinement: The
LLM refines S, into three structured granularity levels:
(Sloarser Shids Skne) = LLM(SL,, R;), which serve as can-
didate cluster names; iii) Final Assignment: LLM assigns
each image x,, to a cluster by linking its criterion-specific
caption to the structured class names at different granularity
levels as (séoarseV sfnid7 Sf:me) = LLM(eiw Sl Srlnid7 Sfline)'

coarse
By aggregating these cluster assignments across D at differ-
ent levels, we derive multi-granularity semantic substruc-
tures. As we will show in § 5.3, the Caption-based Grouper
outperforms other alternatives, making it our main method.

[Tag-based Grouper (alternative):] Given a target crite-
rion R;, we prompt the LLM to generate a set of common
categories (e.g., “Commercial Space”) related to the crite-
rion 8L, = LLM(R,) as the mid-grained tags. Following
Liu et al. [52], we further query the LLM to infer potential
super- and sub-categories (e.g., “Indoor” and “Restaurant”)
for each mid-grained tag, thereby obtaining the correspond-
ing coarse- and fine-grained tag sets, S! .. and SL .. Fi-

nally, we employ an open-vocabulary image tagger [79] to
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assign the most relevant tag at each granularity level to each
image’ (Séoarsev sfnid’ Sfine> = Tagger(xn, Scloarse’ Srlnid7 Sf%ne)’
yielding multi-granularity substructures after aggregation.
[Image-based Grouper (alternative):] Given a target cri-
terion R;, we first prompt a LLM to generate a question ¢;
tailored to R;, For e.g., for the criterion Mood the generated
question is: “What mood is conveyed by this image? An-
swer with an abstract, common, and specific category name,
respectively”. We then use ¢; to guide a visual question an-
swering (VQA) model [44] in directly inferring semantic
cluster names and assignments for each image at different
granularity levels as (sloares Shigs Shne) = VQA (X, q1).

5. Experiments
5.1. Experimental Protocol

Implementation Details: We run with our proposed X-
Cluster framework using: i) CLIP ViT-L/14 [79] as the Tag-
ger, ii) LLaVA-NeXT-7B [49] as the MLLM, iii) Llama-
3.1-8B [61] as the LLM, and iv) BLIP-2 Flan-T5xxy. [44]
as the VQA model. For the Image-based Proposer we use
LLaVA-NeXT-Interleave-7B [43] as the MLLM due to its
strong multi-image reasoning capability. Additionally, we
explore a variant of the Image-based Grouper using LLaVA-
NeXT-7B as the VQA model. We provide further details of
X-Cluster, including the exact prompt designs, in Supp. F.
Evaluation Metric for Criteria Discovery: We use True
Positive Rate (TPR) [15] to evaluate the criteria discovery
performance of different proposers. Specifically, we com-
pute TPR as TPR = |R;|y ‘, measuring to what extent the
predicted set covers the ground-truth criteria ). It is impor-
tant to note that the number of grouping criteria is subjective
and can be as extensive as one’s preferences allow (open-
ended), making False Positives hard to define. Thus, we
use TPR as the primary metric. A higher TPR means better
coverage of predicted criteria compared to the ground truth.

Evaluation Metrics for Substructure Uncovering: To as-
sess each criterion-specific substructure uncovered by the
Grouper, we evaluate its alignment with the ground-truth
substructure along two dimensions: i) Semantic Consis-
tency: For each image, we compute the semantic simi-
larity between its assigned cluster name and the ground-
truth label under the current criterion using Sentence-BERT.
The average similarity across the dataset, reported as Se-
mantic Accuracy (SAcc) [53], measures how well the pre-
dicted substructure aligns semantically with the ground
truth. ii) Structural Consistency: We use clustering accu-
racy (CAcc) [30, 91] to measure the degree of structural
match between the predicted and ground-truth substructures
(clusters) using Hungarian matching algorithm [41].

Since the granularity of ground-truth annotations is un-
known during OpenSMC evaluation, we select the predicted
substructure with the highest CAcc for assessment. Unlike
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Figure 4. Comprehensiveness Comparison of Criteria Pro-
posers. TPR performance of each proposer is evaluated against
Basic and Hard ground-truth criteria, and visualized using a
Progress Bar Chart. Each block represents one ground-truth crite-
rion, with Colored blocks indicating successfully discovered cri-
teria and Gray blocks representing undiscovered criteria.

TCMC methods [42, 106] that rely on ground-truth cluster
counts for perfect matching, our strategy provides a fair and
practical evaluation for open-ended OpenSMC systems.

5.2. Study of the Criteria Proposer

We also evaluate the performance of our design for the
Proposer module. To properly assess his effectiveness,
we realize that for complex datasets like COCO-4c, four
ground-truth criteria may not cover all valid grouping op-
tions. Therefore, we expanded the ground-truth criteria for
each of the six benchmarks in Sec. 3 using human annota-
tors, resulting in {10, 4, 11, 7, 17, 11} distinct criteria for
{Fruit-2¢, Card-2c, Action-3c, Clevr-4c, COCO-4c, Food-
4c}. We refer to the original per-image annotated criteria
set (see Fig. 2) as Basic ground truth and the expanded set
as Hard during evaluation. See Supp. D.2 for annotations.

Which Criteria Proposer Performs the Best? In Fig. 4,
we compare different approaches for the Proposers in terms
of the comprehensiveness of the discovered criteria using
TPR. From Fig. 4, we observe that our caption-based Pro-
poser discovers the most comprehensive criteria, making it
the closest to the human-annotated set among all methods.
It consistently outperforms other variants in both the Basic
and Hard sets across all six benchmarks. Its superior per-
formance is particularly evident under the Hard criteria set,
where it surpasses the second-best Tag-based Proposer by
+32.2% TPR. Intuitively, the Caption-based Proposer works
better because captions capture more diverse and nuanced
aspects of the image set, which further guides the LLM to
comprehensively discover different grouping criteria. Con-
trarily, the Tag-based Proposer is less effective in complex
benchmarks (e.g. COCO-4c and Action-3c) since tags pro-
vide less contextual and descriptive information. Similarly,
the Image-based Proposer is subpar in terms of performance
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Figure 5. Impact of Image Quantity on Criteria Discovery. We
evaluate the TPR performance of the Caption-based Proposer at
different image scales against the Hard ground-truth criteria set.

since it is limited to reasoning over a small subset of images
and loses visual details when combining images into a grid.

Impact of Image Quantity on Criteria Discovery: Fig. 5
shows the TPR performance of the Caption-based Pro-
poser across different image scales. Interestingly, in object-
centric benchmarks like Card-2c and Clevr-4c, satisfactory
performance is achieved with just a few images. In fact,
even a single image often suffices for reasonable criteria
discovery, as object-centric datasets tend to have uniform
structures, i.e., seeing one playing card is enough to suggest
criteria like Suit. However, this does not hold for more
complex datasets like COCO-4c, Food-4c, and Action-3c,
which feature diverse and realistic scenarios. Here, reduc-
ing the number of images leads to a clear drop in TPR per-
formance, as capturing intricate and varied thematic criteria
requires a larger image set. Since X'-Cluster operates with-
out prior knowledge of the dataset, we use the entire dataset
by default to ensure comprehensive discovery.

5.3. Study of the Semantic Grouper

Which Semantic Grouper Performs the Best? In Fig. 6,
we evaluate different design choices for the Grouper using
CAcc and SAcc for each criterion, determining the best per-
former based on Harmonic Mean (HM). To contextualize
performance, we establish an oracle using CLIP ViT-L/14
in a zero-shot classification setup, where grouping criteria,
cluster names, and the number of clusters are all known.
We also use KMeans with ground-truth cluster numbers and
visual features from CLIP-L/14, DINOv1-B/16 [45], and
DINOv2-G/14 [71] as CAcc baselines.

From Fig. 6, we observe that the proposed Caption-
based Grouper performs best, ranking first in 10 out of 15
tested criteria based on the HM across four benchmarks. It
achieves an average CAcc of 59.9%, closely matching the
oracle performance of 58.1%, highlighting the effectiveness
of our text-driven approach. For SAcc, the Caption-based
Grouper achieves an average of 60.5%, surpassing its coun-
terparts, but falling short of the oracle 74.2% which benefits
from exact ground-truth class names. This gap is expected
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Figure 6. Comparison of Semantic Groupers. We report CAcc, SAcc, and their Harmonic Mean (HM) for different Semantic Groupers
(%) on the Basic criteria across four benchmarks. CLIP zero-shot classification () serves as an oracle, while KMeans (?) with strong
visual features is used as a CAcc baseline. The for each criterion, determined by HM, is highlighted in green. Overall, our
Caption-based Grouper performs best, ranking first in /0 of 15 evaluated criteria. See Supp. H.2 for clustering visualizations.

Table 2. Comparison with TCMC methods. For each benchmark, we report the average CAcc (%) and SAcc (%) across all criteria.
We provide CLIP L/14 zero-shot performance as the pseudo upper-bound reference (UB). Note: T-marked methods used the ground-truth
criteria and the number of clusters (/) as prior input. MMaP and MSub do not build semantic clusters. See expanded results in Supp. H.3.

COCO-4c Food-4c Clevr-4c Action-3c Card-2c Fruit-2c Avg

CAcc  SAcc CAcc  SAcc CAcc  SAcc CAcc  SAcc  CAcc  SAcc  CAcc  SAcc  CAcc  SAcc
UB 40.1 60.6 64.1 80.2 56.7 72.5 79.8 82.3 414 66.9 69.4 88.3 50.2 64.4
MMaP ¥ [105] 33.9 - 43.8 - 62.8 - 60.6 - 36.9 - 51.0 - 48.2 -
MSub § [106] 36.0 - 47.3 - 72.2 - 64.3 - 39.6 - 54.4 - 52.3 -
IC|TC ¥ [42] 48.9 53.2 50.5 61.7 58.3 36.8 76.4 56.3 74.8 81.2 63.3 55.1 62.0 57.4
SSD-LLM ¥ [58] 41.6 52.1 47.5 55.5 54.8 37.6 78.1 52.9 67.3 76.3 62.0 46.8 58.6 53.6
X -Cluster (Ours) 51.2 48.4 48.1 64.9 64.9 54.3 68.3 60.6 73.3 84.3 65.1 61.1 61.8 62.3
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Figure 7. Ablation study of multi-granularity refinement.

due to the open nature of the semantic space, i.e., terms
like “Joyful”, “Happy”, and “Cheerful” often describe the
same Mood but lack full semantic equivalence. The BLIP-
2 Image-based Grouper ranks second. Its criterion-specific
questions improve labeling accuracy, but per-image predic-
tions can introduce noise in clustering.

Necessity of Multi-Granularity Cluster Refinement: To
evaluate the effectiveness of multi-granularity cluster re-
finement design, we conduct controlled experiments us-
ing our Caption-based Grouper with three cluster naming
strategies: i) Initial Names, where the initially assigned
names are used as the final output; ii) Flat Refinement,
where the LLM refines initial names into a single-level list
with uniform granularity; and iii) Multi-Granularity Refine-
ment, our proposed approach. As shown in Fig. 7, both
refinement methods significantly improve clustering accu-
racy compared to using noisy initial names, highlighting
the importance of granularity-consistent cluster names for
revealing substructures. Moreover, our multi-granularity re-

finement outperforms flat refinement by enabling clustering
at different levels of detail, providing greater flexibility in
aligning with user-preferred grouping granularity.

5.4. Comparison with TCMC Methods

We first perform some experiments to compare our ap-
proach with state of the art TMTC methods: IC|TC [42],
SSD-LLM [58], MMaP [105], and MSub [106]. Results
are shown in Tab. 2. Unlike our fully automated X'-Cluster
method, which discovers criteria through the Proposer and
requires no pre-set cluster counts, all TCMC methods used
ground-truth text criteria and the number of clusters (K;)
as prior input. The primary goal of this experiment is to
evaluate dataset grouping performance. Our approach out-
performs MMaP, MSub, and SSD-LLM, while achieving
results comparable to IC|TC across six benchmarks. This
demonstrates that our framework generates high-quality
clusters for OpenSMC without requiring users to define cri-
teria or cluster counts. Implementation details of the com-
pared methods are provided in Supp. G.

Further Analysis of X’-Cluster is provided in the supple-
mentary material: i) Supp. I presents qualitative results; ii)
Supp. J examines failure cases; iii) Supp. L explores how X'-
Cluster handles invalid (hallucinated) criteria; iv) Supp. M
investigates model biases; v) Supp. N analyzes computa-
tional costs; vi) Supp. O studies system sensitivity to dif-
ferent MLLMs and LLMs; vii) Supp. K further investigates
the impact of multi-granularity clustering; and viii) Supp. P
explores improvements for handling fine-grained criteria.
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Figure 8. Bias Discovery in T2I-Generated Images. Bias intensity, dominant clusters, and example images are shown for few occupations.

6. Applications Criterion : @ Top Trending Cluster @ Top Mainstream Cluster
Actlwty Emotion Clothing Style

We apply X-Cluster to three applications, demonstrating its f ° i

ability to generate novel, human-interpretable criteria for /a i /ﬂ

real-world analysis. Below, we present results for the first g0

two applications, while additional results for the third ap- 2 Wi f i :

plication on confirming and mitigating gender bias in 162k § 4y . ¢

CelebA [56] images are provided in Supp Q3 S Musical Restand High Intensity Neutral Ulr'b;-n Casual

Activities Relaxation Emotions Emotions Eclectic Streetwear

6.1. Discovering Biases in T2I Diffusion Models Figure 9. Social media image popularity analysis. We show the
popularity score distributions for Top Trending (have highest aver-

Do T2I models exhibit biases beyond the widely studied age popularity score) and Top Mainstream (contain most images)

ones, such as gender and racial stereotypes? [65, 67] To clusters, discovered by X-Cluster across three criteria.

investigate this, we selected nine occupations (e.g., Nurse,
CEO) from prior studies [4, 6] and generated 100 images
per occupation using the prompt “A portrait photo of a
<OCCUPATION>" with DALL-E3 [3] and SDXL [76], 6.2. Analyzing Social Media Image Popularity
resulting in 1.8k images. Applying &X'-Cluster, we automat-

ones, underscoring the need for broader bias analysis. For
additional findings and experimental details, see Supp. Q.1.

What makes a photo popular? To explore this, we apply

ical'ly i.det}tiﬁéd 10 grouping criter.ia (bias dimepsiops) and X -Cluster to 4.1k Flickr photos from the SPID dataset [72],
their distributions for each occupation. To quantify bias, we where popularity is measured by image view count. X-

measured the normalized entropy of each distribution [19] Cluster discovered 10 grouping criteria and organizes pho-
as bias intensity and identified the dominant cluster (the tos into semantic clusters under each. Using the grouping
largest group) as the potential bias direction. We conducted results, Fig. 9 compares the sample popularity distributions

a user stu(’iy Wltl,l 54 pfirtl.mpant.s to validate our findings. of the Top Trending and the Top Mainstream clusters across
X-Cluster’s predicted bias intensity closely matched human three criteria

ratings with an Absolute Mean Error of 0.1396 (01 scale)
and aligned with human-identified bias directions 72.3% of
the time. User study details are provided in Supp. Q.1.

Findings: As shown in Fig. 9, combining X-Cluster’s
grouping with popularity scores provides a direct interpre-
tation of the visual elements that drive trends versus those
that define widely uploaded images. Interestingly, we find
that trending elements often contrast with mainstream ones,
such as “Musical activities” vs. “Rest and relaxation” or
“High-intensity expressions” vs. “Neutral emotion”. These
results suggest that attention-grabbing visuals stand out due
to novelty or intensity, especially in today’s short attention
span era [24, 59], underscoring X'-Cluster as a powerful tool
for deep dataset analysis and understanding social behavior.
For full findings and additional analysis, see Supp. Q.2.

Findings: As shown in Fig. 8, our method identifies
both well-known and novel biases in occupational images
without relying on predefined categories. For instance,
Fig. 8(a—c) reveals strong gender and racial imbalances in
SDXL-generated images for roles like Nurse, Firefighter,
and Basketball Player, exceeding official statistics [89].
In contrast, DALL-E3 exhibits improved bias mitigation,
likely due to its built-in “guardrails” [69]. More notably,
Fig. 8(d-f) highlights previously unrecognized bias dimen-
sions. For example, SDXL strongly associates CEOs with
“Grey” hair, while DALL-E3 favors “Dark” hair. Addi- 7. Conclusion

tionally, DALL-E3 shows stronger biases in Hair style

and Grooming for occupations like Nurse (Fig. 8(e)) and We introduce the OpenSMC task and propose X-Cluster,

Teacher (Fig. 8(f)). These findings suggest that while indus- a system that discovers interpretable grouping criteria and
trial T2I models with guardrails may address well-known substructures in image collections, effectively extracting
biases, they may still overlook emerging or less-discussed valuable insights across six datasets and three applications.
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