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Abstract

Image clustering aims to partition unlabeled im-
age datasets into distinct groups. A core aspect
of this task is constructing and leveraging prior
knowledge to guide the clustering process. Re-
cent approaches introduce semantic descriptions as
prior information, most of which typically relying
on matching-based techniques with predefined vo-
cabularies. However, the limited matching space
restricts their adaptability to downstream cluster-
ing tasks. Moreover, these methods primarily fo-
cus on reducing bias to improve performance, fre-
quently overlooking the importance of variance re-
duction. To address these limitations, we pro-
pose GSEC (Image Clustering based on Genera-
tive Semantic Guidance and Bi-Layer Ensemble),
a framework designed to reduce bias through gen-
erative semantic guidance and mitigate variance
via ensemble learning. Our method employs Mul-
timodal Large Language Models to generate se-
mantic descriptions and derive image embeddings
via weighted averaging. Additionally, a bi-layer
ensemble strategy integrates cross-modal informa-
tion through BatchEnsemble in the inner layer and
aligns outputs via an alignment mechanism in the
outer layer. Comparative experiments demonstrate
that GSEC outperforms 18 state-of-the-art methods
across six benchmark datasets, while further analy-
sis confirms its effectiveness in simultaneously re-
ducing both bias and variance. The code is avail-
able at https://github.com/2017LI/GSEC.git.

1 Introduction

The goal of image clustering is to partition a dataset into mul-
tiple disjoint subsets by learning from unlabeled image data.
A core aspect of this task is constructing and leveraging prior
knowledge to form effective supervisory signals.

Based on the nature of the prior information, image clus-
tering methods can be broadly categorized into several types.
Classical clustering approaches rely heavily on assumptions
about data distributions, including prototype-based meth-
ods [McQueen, 19671, density-based methods [Ester et al.,

1996], and hierarchical methods [Dasgupta, 2002]. Deep
clustering methods leverage powerful representation learn-
ing to extract highly discriminative features as prior infor-
mation [Xie et al., 2016; Caron et al., 2018]. Advances
in self-supervised learning have further shifted clustering
paradigms toward supervision signals derived from data aug-
mentation [Li ef al., 2021b]. Nevertheless, these approaches
rely exclusively on intrinsic information within the data to
guide clustering. As a result, the supervisory signals are in-
herently constrained by the data itself [Liu er al., 2024al,
making further performance improvements increasingly dif-
ficult in practice.

Inspired by the zero-shot classification paradigm intro-
duced by CLIP [Radford et al., 20211, recent studies have
shifted the source of supervision from internal priors to ex-
ternal semantic descriptions. Methods such as SIC [Cai er
al., 2023] and TAC [Li et al., 2023b] typically adopt prede-
fined vocabularies (e.g., WordNet) and employ pre-trained vi-
sion—language models to embed images and text into a shared
representation space. Then, images are matched with the
most relevant textual labels to generate semantic descriptions,
which serve as external semantic priors to guide the cluster-
ing process. Most of these methods construct semantic prior
information by matching images with textual libraries. How-
ever, due to the limited coverage of predefined vocabularies,
forced alignment between images and text may lead to se-
mantic inconsistency, particularly when complex visual se-
mantics surpass the representational capacity of the fixed lex-
ical set. Therefore, these approaches may be constrained by
their reliance on matching-based semantic prior construction.

Moreover, the strategy of introducing semantic priors is es-
sentially to improve the clustering performance by reducing
the bias. In machine learning theory, as is well known, esti-
mation error arises from the joint effects of bias, variance, and
noise. Therefore, explicitly accounting for variance reduction
during clustering is expected to further improve performance.

Based on the discussions above, we propose Image Clus-
tering based on Generative Semantic Guidance and Bi-Layer
Ensemble, noted as GSEC. This framework jointly improves
clustering performance by addressing both bias and vari-
ance. To reduce bias, we introduce a generative seman-
tic prior construction strategy that overcomes the limitations
of matching-based semantic priors. This strategy leverages
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Multimodal Large Language Models to generate semantic
descriptions and synthesizes corresponding semantic repre-
sentations for each image via weighted averaging. To re-
duce variance, we incorporate ensemble learning through a
bi-layer ensemble strategy, comprising an inner-layer ensem-
ble and an outer-layer ensemble. The inner layer extracts
domain information from both semantic and image modal-
ities and performs internal ensemble via BatchEnsemble to
achieve semantically guided image clustering. The outer
layer employs an alignment-based ensemble mechanism to
align the inner outputs with the outer outputs, with the aligned
result serving as the final clustering outcome.
Our contributions are summarized as follows:

* Generative Semantic Guidance: We propose a bias re-
duction strategy that leverages multimodal large lan-
guage model to generate adaptive semantic descriptions
for images, thereby reducing the inconsistency of the
match-based method.

Bi-Layer Ensemble Mechanism: We design a bi-layer
ensemble framework to mitigate variance. The in-
ner ensemble integrates multimodal information via
BatchEnsemble, and the outer ensemble aligns inner
predictions with external outputs, thereby enhancing ro-
bustness and stability.

L]

Comprehensive Empirical Validation: We conduct ex-
periments on benchmark datasets, demonstrating that
GSEC significantly outperforms the reference methods.
The bias-variance decomposition analysis confirms that
our approach effectively reduces both bias and variance.

2 Related Works

In this section, we briefly review image clustering and ensem-
ble learning.

2.1 Image Clustering

The evolution of image clustering methodologies has pro-
gressively incorporated richer forms of prior knowledge to
construct more effective supervisory signals [Ren er al.,
2024]. In the following, we review these methods according
to their primary sources of supervision: internal prior infor-
mation and external semantic information.

The development of the internal prior information-based
clustering algorithms can be broadly divided into three stages.
Early classical clustering methods typically rely on low-level
visual semantics: K-means [McQueen, 1967] groups data by
minimizing distances to cluster centers, while DBSCAN [Es-
ter et al., 1996] identifies arbitrarily shaped clusters based on
local density. With the advent of deep learning, deep clus-
tering methods emerged: DEC [Xie er al., 2016] learns fea-
ture representations via autoencoders and jointly optimizes
a clustering objective; ClusterGAN [Mukherjee et al., 2019]
implements clustering through adversarial learning. Subse-
quently, self-supervised approaches were developed: Deep-
Cluster [Caron et al., 2018] iteratively uses clustering out-
comes as pseudo-labels for training, and CC [Li et al., 2021b]
further integrates contrastive learning with clustering objec-
tives to enhance performance.

Vision-language pre-training models such as CLIP [Rad-
ford et al., 2021] have shifted image clustering from relying
on internal priors to exploiting external semantic information.
Based on CLIP, ZOC [Esmaeilpour et al., 2022] performs
zero-shot recognition of unknown classes, while SIC [Cai et
al., 2023] and TAC [Li et al., 2023b] enhance clustering by
modeling image-text geometric consistency and incorporat-
ing WordNet semantics with cross-modal distillation, respec-
tively. GradNorm [Peng ef al., 2025] further improves text-
assisted image clustering by selecting semantically relevant
nouns from unlabeled data. [Wang et al., 2026] extend text-
guided learning to visual adaptation through deep manifold
constraints and neighborhood propagation.

Despite these advancements, existing multimodal cluster-
ing methods remain fundamentally limited by their reliance
on matching mechanisms within a constrained vocabulary
space. Due to the restricted expressiveness of predefined vo-
cabularies, forced alignment between images and textual la-
bels inevitably leads to semantic inconsistency when complex
visual semantics exceed the coverage of the fixed lexical set.

Moreover, existing strategies that incorporate semantic pri-
ors primarily target bias reduction to improve clustering. It is
important to note that estimation error stems from the com-
bined effects of bias, variance, and noise. Therefore, to
achieve more robust and stable clustering, addressing vari-
ance reduction is also essential. Ensemble learning serves as
a key technique for variance reduction in machine learning.

2.2 Ensemble Learning

Ensemble learning accomplishes complex tasks by con-
structing and combining multiple learners [Dietterich, 2000].
Breiman [Breiman, 1996] demonstrated that generating vari-
ous versions of a predictor and aggregating their outputs can
substantially reduce model variance.

Traditional ensemble methods are broadly categorized into
two paradigms: Bagging and Boosting. Bagging [Breiman,
1996] promotes diversity by creating multiple training sub-
sets via bootstrap sampling and independently training the
same learning algorithm on each subset; Random For-
est [Breiman, 2001] is a representative example. In contrast,
Boosting employs a sequential training strategy, where each
subsequent learner is explicitly optimized to correct errors
made by the preceding ensemble, with AdaBoost [Freund and
Schapire, 1997] being a canonical instance.

Building upon classical ensemble principles, deep learning
methods have incorporated Bagging- and Boosting-inspired
strategies to improve robustness and generalization. For ex-
ample, BatchEnsemble improves efficiency through rank-one
parameter sharing with minimal additional parameters [Wen
et al., 2020]. Recent studies further explore selective en-
semble learning based on pure accuracy [Wang et al., 2022]
and clustering ensemble methods that aggregate multiple base
partitions into robust consensus results, including GOT [Li et
al., 2021al, fuzzy ensemble clustering [Li et al., 2023al, and
k-HyperEdge medoids [Li et al., 2025a].

In this work, we introduce ensemble methods to reduce
variance in image clustering.
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Figure 1: Overall Framework of GSEC. The framework integrates generative semantic embedding with a bi-layer ensemble strategy.

3 Method

In this section, we propose an image clustering method
based on generative semantic guidance and bi-Layer ensem-
ble (GSEC), with its overall framework illustrated in Figure 1.
Firstly, we introduce the generation of semantic embeddings
using Multimodal Large Language Models. Secondly, we
elaborate on the operational mechanism of the designed bi-
layer ensemble framework.

3.1 Generative Semantic Embedding

To address the limitation of constrained semantic match-
ing space, we leverage Multimodal Large Language Mod-
els (MLLMs) to generate semantically enriched descriptions
through reasoning. The procedure is detailed as follows.

Let V = {I;}! ; denote the image set, where n is the num-
ber of samples. Using an image encoder E,,, we first extract
image embeddings v; = F,(I;) € R%, with d representing
the embedding dimensionality.

To uncover latent semantic structures, we perform K-
means clustering on all image embeddings {v;}?_,. Follow-
ing the practice in [Peng et al., 2025; Li et al., 2023b], the
number of clusters is set as C' = max { %, 3K }, where K
denotes the expected number of clusters. Images within each
cluster are then sorted by the distance between their embed-
dings and the corresponding cluster center. From each cluster,
we uniformly select up to five representative images accord-
ing to this sorted order. If a cluster contains fewer than five
images, all of them are selected.

These selected images are fed into the Multimodal Large
Language Model using a natural-language prompt designed
to capture core visual semantics. The prompt is:” Identify

and describe the main object in this image. Respond with
the format:” This image contains a [object] characterized by
[attribute1], [attribute2], and [attribute3]’”.

The generated class-level descriptions T}, are encoded by
the CLIP text encoder E; into class embeddings ¢; = E; (7).
The similarity between each image embedding v; and every
class text embedding {£;}77, is then computed to derive an
image-specific text embedding ¢;, where M is the number of
selected samples.

Specifically, we first compute the conditional probability
of the j-th class text embedding given image v;:

_ exp(sim(v;, ;) /7
p(tjh]i): = ( ( (2] J)/7) —, (1)
SA exp(sim(v;, £) /7)
where sim(+, -) denotes cosine similarity, and 7 is a temper-

ature parameter that controls the smoothness of the distribu-
tion. Subsequently, the final text counterpart ¢; is obtained as
a weighted average of all classes embedding:

M
ti = Z p(tjlvi)t;
=

Here, t; represents the text embedding of the i-th sample.

2

3.2 Bi-Layer Ensemble

To mitigate variance, we design a bi-layer ensemble frame-
work: the inner layer employs a BatchEnsemble integrator for
cross-modal clustering, and the outer layer further aligns and
integrates the inner outputs with external predictions through
an alignment-based ensemble mechanism.



Inner Ensemble
At the inner layer, we construct an integrator based on the
BatchEnsemble method to efficiently integrate cross-modal
data. This integrator consists of two independent branches for
image and text modalities, each comprising a set of shared
weights and member-specific low-rank modulation parame-
ters.

The output of the k-th base model in the BatchEnsemble
integrator is given by:

l(z) = 51 © (W(ry ©x)) + by, 3)

where W denotes the shared weight matrix across all mem-
bers, 1, and s are learnable rank-1 vectors specific to the
k-th member, ® represents the element-wise multiplication,
and by, is the bias term for the k-th member.

We denote the BatchEnsemble integrators for the image
and text modalities as [P (x) and [} (), respectively. Let v}"
be a random neighbor of v;, and tfv be a random neighbor of
t;. We process v; and v} through the image BatchEnsem-
ble integrator, and ¢; and ¢V through the text BatchEnsemble
integrator. As for y? and y;:

1 & 1 &
Y= — E (v, t—= g 1t (¢; 4
Yi m —~ k(v )7 Yi m P k( )ﬂ ( )

where m is the ensemble size, y¥ and y! represent the soft
assignments for the i-th image and text, respectively. As for

v, N d t,N
Y an Y; .

m m

v,N 1 N t,N 1 t N
T = — 1Y (v T = — It (t: 5
Yi E k(vz )7 Yi m E : k(’L )7 (%)
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k=1 k=1

where ny and yf’N denote the neighbor soft assignments
for the 7-th image and text, respectively.

To achieve mutual guidance between the text and image
modalities during clustering, we introduce the Cross-Modal
Mutual Distillation loss:

n
Lawe = Y (P Wilyy™) + Diawlli™) . ©

i=1

where D1, denotes the KL divergence. This loss serves
a dual purpose: it enhances the discriminability of cluster
boundaries by reducing inter-cluster similarity, while also en-
abling bidirectional alignment between each image and the
neighbors of its corresponding text, and between each text
and the neighbors of its corresponding image.

To stabilize training and encourage the model to produce
more confident cluster assignments, we introduce the confi-
dence loss:

Lconf = - IOg Z(yzv)—ryf (7)
=1

To prevent the collapse of all samples into only a few clus-
ters, we adopt the balance loss:

K

Lo == (v logy® +ytlogy?) , ®)
i=1

where K is the number of clusters. 4* and 4 denote the clus-
ter assignment distributions in the image and text modalities,
respectively, which are computed as:

1 1 & t ) 1 & v
Z‘JZEE Y, Y ZEE Yi - 9)
i=1 i=1

Then, the inner ensemble aims to optimize the model pa-
rameters by minimizing the following comprehensive loss
function:

['inner = Ldisl + lcconf - Ebal- (10)

Outer Ensemble

After the inner-layer ensemble training converges, we com-
pute the average of the outputs from the image and text
modalities:

N P
9= 5! + i), (11)

where g; denotes the output of the inner ensemble.

In the outer ensemble stage, we train a task encoder ¢ that
takes the concatenated image and text embeddings [v;; ¢;] as
input, with its output defined as:

yi = ¢ ([visti]) - (12)

To align the predictions of the inner ensemble with the out-
puts of the outer task encoder, we adopt the cross-entropy loss
as the alignment objective:

Laign = Y _ Lce(yi, §i)- (13)

i=1

The outer ensemble optimizes the parameters ¢ by mini-
mizing the following comprehensive loss:

£0uter == Lalign - H(ﬁ)» (14)

where p = 1 37" | ¢([v;;t;]) is the average prediction dis-
tribution, and H () denotes its entropy.

After the outer ensemble training converges, the final clus-
ter assignment for each sample is obtained from the output
of the task encoder. This decision mechanism integrates the
multimodal alignment information from the inner ensemble
outputs with the comprehensive inference of the task encoder,
which is expected to generate a stable and consistent cluster-
ing result.

4 Experiments

In this section, we validate GSEC’s performance through
benchmark comparisons. Additionally, we conduct bias-
variance decomposition analysis to verify the effectiveness
of our method, along with ablation studies, hyperparameter
analysis, convergence analysis, and visualization analysis (In
Appendix B).

4.1 Experiment Setup

Datasets To evaluate the effectiveness of our proposed
method, we conduct experiments on 11 widely used bench-
mark datasets. The detailed information of these datasets is
summarized in Table 1.



Table 1: Statistics of the benchmark datasets. This table summa-
rizes the details of the eleven datasets used in the experiments.

No Dataset Cls ’Eriilen g;set
1  CIFARIO [Krizhevsky er al., 2009] 10 50,000 10,000
2 CIFARI100 [Krizhevsky et al., 2009] 100 50,000 10,000
3 STL10 [Coates et al., 20111 10 5,000 8,000
4 ImageNet-10 [Chang et al.,2017] 10 13,000 500
5 TImageNet-Dogs [Chang et al.,2017] 15 19,500 750
6 Food101 [Bossard et al., 2014] 101 75,750 25,250
7  StanfordCars [Krause et al., 2013] 196 8,144 8,041
8 OxfordPets [Parkhi et al., 2012] 37 3,680 3,669
9  FGVC Aircraft [Maji et al., 2013] 100 6,667 3,333
10 Country211 [Radford et al., 20211 211 42,200 21,100

11 ImageNet-1K [Deng et al., 2009] 1000 1,281,167 50,000

Evaluation To evaluate the clustering performance, we em-
ploy three widely adopted metrics: Accuracy (ACC), Nor-
malized Mutual Information (NMI), and Adjusted Rand In-
dex (ARI). For all three metrics, higher values indicate better
performance.

Implementation Details We utilize the pre-trained CLIP-
ViT-B/32 model to extract image and text embeddings. For
semantic descriptions, we employ Llama-3.2-Vision-11B to
generate descriptions from representative images, which are
then standardized into a unified format. The learning rates
for both the internal integrator and the task encoder are set to
0.001, and the number of ensemble is set to 24. The batch size
is fixed at 1024, with the exception of ImageNet-1K, which
uses a batch size of 8§192. All experiments were conducted
on a single NVIDIA A6000 GPU.

4.2 Comparison with Baseline Methods

To comprehensively assess the effectiveness of GSEC, we
benchmark it against a wide range of state-of-the-art algo-
rithms, categorized into two groups: (1) Unimodal Cluster-
ing Methods, including DEC [Xie et al., 2016], DAC [Chang
et al., 2017], JULE [Yang et al., 2016], DCCM [Wu et
al., 2019], IIC [Ji et al, 2019], SCAN [Van Gansbeke
et al., 2020], TCL [Tao et al., 2021], TCC [Shen et al.,
2021], GCC [Zhong et al., 2021], CRLC [Do er al., 2021],
RPSC [Liu et al, 2024bl, PICA [Huang er al., 2020],
SPICE [Niu et al., 2022], DivClust [Metaxas et al., 20231,
and LFSS [Li er al., 2025b]; (2) Multimodal Clustering
Methods, such as TAC [Li et al., 2023b], CLIP (K-means),
SIC [Cai et al., 2023], GradNorm [Peng et al., 2025], and
CAE [Zhu er al., 2026].

We evaluate our proposed GSEC on the first five datasets
listed in Table 1 and compare it with the above mentioned 18
image clustering baselines. As shown in Table 2, our method
consistently outperforms these competitors. Furthermore,
we test GSEC on the challenging large-scale ImageNet-1K
dataset and compare it with four leading multimodal methods.
As presented in Table 5, our approach retains its superiority
and delivers the best performance.

4.3 Reduction of Bias-Variance Analysis

To evaluate the effectiveness of the proposed method in re-
ducing bias and variance, we first generate 10 base datasets
via resampling with the same sample size for each dataset.
Each of these datasets is used to train a model. Bias is de-
fined as the average deviation between the model’s predic-
tions and the ground truth, while variance quantifies the dis-
persion across predictions from individual models.

We test the bias-variance performance of the following
five configurations. Image: using only image features
with the bi-layer linear architecture; Image+Ensemble: us-
ing only image features with the bi-layer ensemble frame-
work; Image+M-Text: feeding image features and matching-
based textual features into a bi-layer linear architecture;
Image+G-Text: feeding image features and generative tex-
tual features into the bi-layer linear architecture; GSEC:
feeding image features and generative textual features into
the bi-layer ensemble framework.

The experimental results are illustrated in Figure 2 and Fig-
ure 6 (in Appendix A). The following observations can be ob-
served: (1) Comparing Image and Image+Ensemble, the en-
semble strategy effectively reduces variance. (2) Comparing
Image+M-Text and Image+G-Text, generative textual guid-
ance helps reduce bias but introduces additional variance. (3)
Comparing GSEC with the other methods, GSEC achieves
simultaneous reduction of both bias and variance through the
complementary effects of generative textual guidance and the
ensemble strategy, leading to superior and more stable clus-
tering performance.

4.4 Ablation Analysis

To verify the effectiveness of each component in the pro-
posed method, we conduct ablation studies to examine the
impact of generative semantic embeddings and the bi-layer
ensemble design on the performance of GSEC. Experiments
are carried out across multiple pre-trained backbones, in-
cluding CLIP-ViT-B/32, CLIP-RN50x4, CLIP-RN101, and
CLIP-RN50. Performance is evaluated using Accuracy.

Effectiveness of the Generative Semantic We derive se-
mantic prior information from two distinct sources: the
Llama-3.2-Vision-11B MLLM for generative semantics (de-
noted as G-Text) and the WordNet for matching semantics
(denoted as M-Text). These textual descriptions are encoded
by separate feature extractors and subsequently processed
through the same bi-layer ensemble framework for cluster-
ing. As shown in Table 3, G-text consistently outperforms
M-text across all tested backbones.

Effectiveness of the Bi-layer Ensemble We compare the
proposed bi-layer ensemble framework with a bi-layer linear
architecture under identical image feature inputs. As reported
in Table 4, our ensemble-based approach yields consistent
performance gains on ten benchmark datasets across the four
different backbones.

4.5 Hyperparameter Analysis

Analysis of the number of ensembles. We analyze the im-
pact of the ensemble size on clustering performance and com-
putational efficiency. As illustrated in Figure 3, the runtime



Table 2: Comparison with reference baseline methods. The best results are highlighted in bold.

Dataset CIFARI10 CIFAR100 ImageNet-10 ImageNet-Dogs STL10
Metrics NMI ACC ARI NMI ACC ARI NMI ACC ARI NMI ACC ARI NMI ACC ARI
JULE (CVPRI16) 192 272 138 103 137 33 175 300 138 54 13.8 2.8 182 277 164
DEC (ICML16) 257 301 161 13.6 185 50 282 381 203 122 195 79 276 359 18.6
DAC (ICCV17) 396 522 306 185 238 88 394 527 302 219 275 11.1 366 470 257
DCCM (ICCV19) 496 623 408 285 327 173 608 71.0 555 321 383 182 376 482 262
IIC (ICCV19) 513 617 411 225 257 117 — — - - - — 49.6 596 397
PICA (CVPR20) 591 696 512 310 337 17.1 802 8.0 76.1 352 353 201 61.1 713 531
SCAN (ECCV20) 797 883 772 48.6 50.7 333 - — — 612 593 457 698 809 64.6
GCC (ICCV21) 764 8.6 728 472 472 305 842 90.1 822 490 526 362 684 788 63.1
CRLC (ICCV21) 679 799 634 416 425 263 831 854 759 484 461 597 729 81.8 628
TCC (NeurIPS21) 79.0 906 733 479 49.1 312 848 8.7 825 554 595 417 722 8l4 689
TCL (IJCV22) 819 887 780 529 531 357 875 895 837 623 644 516 799 868 7157
SPICE (TIP22) 734 838 705 448 468 294 828 921 836 572 646 687 81.7 908 81.2
DivClust (CVPR23) 710 815 675 440 437 283 8.0 900 819 516 529 376 — — —
RPSC (AAAI24) 754 857 731 476 518 341 830 927 858 552 640 465 838 920 834
LFSS (ICML25) 872 934 868 - - - 856 932 857 616 69.1 533 771 86.1 740
CLIP (k-means) 703 742 61.6 499 455 283 969 982 96.1 398 381 201 91.7 943 89.1
SIC (AAAI23) 847 926 844 593 583 439 970 982 961 690 69.7 558 953 981 959
TAC (ICML24) 833 919 831 61.1 607 448 985 992 983 806 8.0 722 955 982 96.1
GradNorm (IEEE25) 826 91.1 815 672 548 370 987 994 987 810 812 709 957 983 962
CAE (AAAI26) 81.7 909 805 - - - 98.1 988 974 779 775 663 955 982 96.7
GSEC 91.2 963 921 718 618 48.0 996 998 996 863 871 792 976 994 977

Table 3: Effectiveness Analysis of Semantic Prior Information. The table reports the clustering accuracy achieved using semantic priors
obtained from WordNet matching (M-Text) and generative descriptions (G-Text).

Backbone | CIFAR10 | CIFAR100 | ImageNet-Dogs | STL10 | ImageNet-10

| M-Text G-Text Gain | M-Text G-Text Gain | M-Text G-Text Gain | M-Text G-Text Gain | M-Text G-Text Gain
CLIP-RN50 71.56 72.10 0.54 31.59 34.87 3.28 77.82 78.80 0.98 61.46 96.70  35.24 98.40 98.52 0.12
CLIP-RN101 81.74 81.83 0.09 40.47 44.50 4.03 76.93 82.93 6.00 76.71 98.11 21.40 98.60 98.63 0.03
CLIP-RN50x4 76.39 78.24 1.85 38.41 38.65 0.24 82.40 83.33 0.93 70.35 97.92  27.57 98.20 98.80 0.60
CLIP-ViT-B/32 89.58 90.16 0.58 46.41 49.34 2.93 77.20 78.67 1.47 73.90 98.32 2442 98.20 98.72 0.52

| StanfordCars | OxfordPets | Aircraft | Country211 | Food101
Backbone

| M-Text  G-Text Gain | M-Text G-Text Gain | M-Text G-Text Gain | M-Text G-Text Gain | M-Text G-Text Gain
CLIP-RN50 30.52 50.22 19.70 59.42 79.50  20.08 19.20 24.42 5.22 9.12 12.37 3.25 54.54 7496 2042
CLIP-RN101 28.04 56.22  28.18 62.20 8242  20.22 22.26 27.62 5.36 9.65 13.67 4.02 63.18 78.38 15.20
CLIP-RN50x4 34.57 61.45  26.88 70.37 8749 17.12 25.92 30.40 4.48 10.41 15.36 4.95 67.30 7877  11.47
CLIP-ViT-B/32 37.33 50.69 13.36 61.52 73.83 12.31 15.99 26.53 10.54 9.22 13.06 3.84 66.90 78.22 11.32

Table 4: Effectiveness of the bi-layer ensemble strategy across different backbones. The table compares the clustering accuracy of the
single-image baseline (Image) and the ensemble-based method (Ensemble) on 10 downstream tasks.

| CIFAR10 | CIFAR100 | ImageNet-Dogs | STL10 | ImageNet-10
Backbone

| Image Ensemble Gain | Image Ensemble Gain | Image Ensemble Gain | Image Ensemble Gain | Image Ensemble Gain
CLIP-RN50 57.20 62.44 5.24 30.80 31.23 0.43 45.20 47.07 1.87 96.60 96.69 0.09 98.20 98.40 0.20
CLIP-RN101 71.60 74.68 3.08 40.20 41.42 1.22 51.13 66.27 15.14 | 98.00 98.02 0.02 98.20 98.60 0.40
CLIP-RN50x4 67.70 69.90 2.20 37.70 37.83 0.13 59.47 74.13 14.66 | 97.80 97.89 0.09 98.60 98.80 0.20
CLIP-ViT-B/32 | 85.90 86.19 0.29 | 45.80 46.61 0.81 | 48.40 63.60 15.20 | 98.30 98.31 0.01 98.40 98.60 0.20
Backbone | StanfordCars | OxfordPets | Aircraft | Country211 | Food101

| Image Ensemble Gain | Image Ensemble Gain | Image Ensemble Gain | Image Ensemble Gain | Image Ensemble Gain
CLIP-RN50 37.00 38.85 1.85 51.20 54.10 2.90 23.00 24.06 1.06 8.90 9.39 0.49 65.00 67.73 2.73
CLIP-RN101 46.30 49.67 3.37 | 66.70 71.49 4.79 | 24.20 27.36 3.16 9.50 9.65 0.15 | 74.90 75.21 0.31
CLIP-RN50x4 52.90 53.23 0.33 74.30 74.65 0.35 26.70 30.27 3.57 10.10 10.41 0.31 80.70 81.24 0.54
CLIP-ViT-B/32 | 42.30 44.09 1.79 62.10 63.91 1.81 24.00 26.01 2.01 9.80 9.83 0.03 72.40 73.78 1.38

increases with the number of ensemble members, and an en-
semble size of 24 achieves a favorable balance between per-
formance gains and computational cost.

Analysis of Internal and External Learning Rates. We
investigate the effect of different combinations of inner and
outer learning rates on clustering performance, aiming to
identify an optimal configuration that ensures stable cluster-

ing accuracy. As shown in Figure 4, the model attains the best
overall performance across all ten benchmark datasets when
both the inner and outer learning rates are set to 0.001.

4.6 Convergence Analysis

To examine the training convergence of GSEC, we visual-
ize the evolution of both inner and outer losses over training
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Figure 2: Bias—Variance Analysis. The figure visualizes the evolution of bias (top row) and variance (bottom row) across five datasets. The
curves illustrate that GSEC (purple) consistently achieves the lowest bias and variance compared to other variants.

Table 5: Comparison on the large-scale ImageNet-1K dataset.

Metric  CLIP (k-means) SIC TAC GradNorm GSEC
NMI 72.3 712 718 79.2 81.3
ACC 38.9 47.0 489 52.6 62.5
ARI 27.1 343 364 39.1 52.8
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Figure 3: Sensitivity analysis of the ensemble size. The figure
evaluates the influence of the number of ensemble members on clus-
tering accuracy (first five subplots) and computational time (last sub-
plot) across five benchmark datasets.

epochs. As shown in Figure 5, both losses exhibit a clear
downward trend and eventually converge, demonstrating sta-
ble optimization.

4.7 Practicality Analysis

To assess the efficiency of semantic querying, we report
the total query tokens and average latency on CIFAR10 and
STL10. As shown in Table 6, our method incurs limited query
overhead and achieves practical response efficiency, with la-
tency of only a few seconds.

Table 6: Evaluation of Query Cost and Average Latency.

Query (Tokens) Latency (S) Query (Tokens) Latency (S)
CIFARI10 428986 4.07 STL10 48036 4.30

5 Conclusion

This paper proposes GSEC (Image Clustering based on
Generative Semantic Guidance and Bi-Layer Ensemble),
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Figure 4: Sensitivity analysis of learning rates. The radar chart
illustrates the clustering performance across ten benchmark datasets
under four different combinations of inner and outer learning rates.
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Figure 5: Convergence analysis of GSEC. The figure shows the
training curves of the outer and inner losses on CIFAR-100 and
ImageNet-Dogs datasets, illustrating stable optimization behavior.

a novel framework that jointly reduces bias and vari-
ance in image clustering. To overcome the limitations of
vocabulary-matching-based semantics, GSEC leverages Mul-
timodal Large Language Models to generate adaptive seman-
tic descriptions, which mitigate semantic inconsistency and
reduce bias. Simultaneously, a bi-layer ensemble mecha-
nism is introduced to lower variance and improve robust-
ness. This ensemble consists of an inner layer that inte-
grates cross-modal information via BatchEnsemble and an
outer layer that aligns inner and outer predictions through
an alignment-based ensemble. Experiments on 6 benchmark
datasets demonstrate the effectiveness of GSEC in image
clustering. Further bias-variance decomposition confirms that
GSEC reduces both bias and variance concurrently, highlight-
ing the importance of jointly optimizing these two factors for
improved clustering performance.
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A Additional Reduction of Bias-Variance Analysis

This section presents bias-variance results on the other five datasets, as illustrated in Figure 6. As illustrated in Figure 6, the
results show that: (1) compared with Image, Image+Ensemble exhibits a decrease in variance, indicating that the ensemble
strategy effectively reduces variance; (2) compared with Image+M-Text, Image+G-Text significantly reduces bias but increases
variance, suggesting that generative textual guidance lowers bias while potentially introducing additional variance; (3) GSEC,
which combines generative textual guidance with the ensemble strategy, simultaneously reduces both bias and variance across
all comparisons. These observed patterns are consistent with the findings reported in the main text, further demonstrating the
effectiveness and strong generalization capability of our method across multiple datasets.
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Figure 6: Bias—Variance Analysis. The figure visualizes the evolution of bias (top row) and variance (bottom row) across five datasets. The
curves illustrate that GSEC (purple) consistently achieves the lowest bias and variance compared to other variants.

B Visualization Analysis

To visually evaluate the performance of GSEC, we present t-SNE visualizations of the clustering results on ten datasets. As
shown in Figure 7, the learned features exhibit high intra-class compactness and low inter-class coupling, indicating the effec-
tiveness of the bi-layer ensemble in structuring the feature space.

Additionally, for datasets with fewer than 30 classes, we provide confusion matrices. The clear diagonal structure shown
in Figure 8 further confirms the accuracy and reliability of the cluster assignments. Together, these visualizations demonstrate
that GSEC not only captures the underlying semantic structure of the data accurately but also produces high-quality clustering
results with well-defined boundaries.
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Figure 7: t-SNE visualization of feature representations. t-SNE plots illustrate the learned embeddings of GSEC on ten benchmark datasets,
showing well-separated clusters and confirming the method’s effectiveness.
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Figure 8: Confusion matrices. The figure presents the prediction results of GSEC on ImageNet-10, STL-10, ImageNet-Dogs, and CIFAR-10.

The pronounced diagonal dominance indicates high prediction accuracy across diverse datasets.
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