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Abstract

Recent deep clustering models have produced impressive clustering performance.
However, a common issue with existing methods is the disparity between global and
local feature structures. While local structures typically show strong consistency
and compactness within class samples, global features often present intertwined
boundaries and poorly separated clusters. Motivated by this observation, we pro-
pose DCBoost, a parameter-free plug-in designed to enhance the global feature
structures of current deep clustering models. By harnessing reliable local structural
cues, our method aims to elevate clustering performance effectively. Specifically,
we first identify high-confidence samples through adaptive k-nearest neighbors-
based consistency filtering, aiming to select a sufficient number of samples with
high label reliability to serve as trustworthy anchors for self-supervision. Sub-
sequently, these samples are utilized to compute a discriminative loss, which
promotes both intra-class compactness and inter-class separability, to guide net-
work optimization. Extensive experiments across various benchmark datasets
showcase that our DCBoost significantly improves the clustering performance
of diverse existing deep clustering models. Notably, our method improves the
performance of current state-of-the-art baselines (e.g., ProPos) by more than 3%
on average and amplifies the silhouette coefficient by over 7x. Code is available at
https://github.com/1-h-y168/DCBoost.

1 Introduction

Deep clustering aims to use deep neural networks to uncover the intrinsic structure of data by
partitioning samples into groups based on their similarity, without relying on any class labels. Early
methods employed autoencoders [12, 37] to extract data representations, which significantly enhanced
clustering performance and helped establish deep clustering as a prominent research field. More
recently, the integration of self-supervised learning techniques [11, 4, 9] has further advanced deep
clustering, leading to impressive clustering performance [36, 20, 13].

Despite the impressive performance, we observe that existing methods do not construct a reliable
global structure, but all build a reliable local pattern. For example, as shown in Fig. 1(a), the
intra-class similarity is relatively low, and the inter-class similarity remains noticeable, suggesting
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Figure 1: (a) Quantitative comparisons of the global structure in terms of intra-class similarity,
inter-class similarity, and silhouette coefficient, and the local structure in terms of k-NN accuracy on
CIFAR-10 and CIFAR-20. The original model ProPos and CC show weak global structure but strong
local structure. Our method maintains their high local accuracy while significantly improving the
global structure and overall clustering performance. (b) T-SNE visualization of clustering without
(upper) and with (bottom) applying our method on CIFAR-20. Initially, the existing model exhibits
severe overlap between different classes, leading to poor separability. After boosting, class boundaries
become significantly clearer and more distinguishable.

that samples within clusters lack compactness, while the separation between clusters is also inade-
quate. This observation is further supported by their low silhouette coefficient (SC), reflecting poor
class separability, unclear decision boundaries, and entangled feature spaces—indicating a general
weakness in capturing global structural information. Furthermore, when examining local structural
quality with the k-NN accuracy (i.e., the proportion of a sample’s k-nearest neighbors (k-NNs) that
share the same label), this metric remains consistently high across different deep clustering models,
often matching or exceeding clustering accuracy, which means that the feature space still preserves
reliable local pattern where semantically similar samples are closely grouped. Additionally, the t-SNE
visualization in Fig. 1(b) shows that while some rough cluster formations are observable, the overall
distribution remains entangled, with many clusters overlapping or lacking clear margins. However,
within each loosely formed region samples with similar features tend to group together locally, even
if the overall class boundaries are ambiguous. This observation further reinforces our assertion that
while existing models face challenges in capturing global semantics, they tend to preserve dependable
local patterns.

Building on the above observations, we propose a parameter-free plug-in that leverages trustworthy
local structural cues to guide the learning of global feature structure and accordingly improve
the clustering performance. Specifically, we first propose a dynamic strategy to identify high-
confidence samples that reflect reliable local structures. These samples are then used to construct a
discriminative loss, which enhances intra-class compactness, promotes inter-class separability, and
preserves instance-level consistency. As shown in Fig. 1(a), after applying our method, the global
structure and clustering performance improve significantly. For ProPos on CIFAR-10, the silhouette
coefficient increases from 0.10 to 0.74, while the clustering accuracy (ACC) improves from 94.4% to
96.0% . Extensive experiments on five benchmark datasets demonstrate that our method substantially
improves the clustering performance of six existing deep clustering models, i.e., our method improves
the average performance of current state-of-the-art baseline ProPos by more than 3%.

In summary, our contributions are as follows.

* We are the first to observe that many deep clustering methods exhibit poor global structure while
retaining trustworthy local structures, revealing an important phenomenon previously overlooked.



Based on this sight, we leverage these reliable local cues to guide the learning of global feature
structure and accordingly improve overall clustering performance.

» We propose DCBoost, a parameter-free plug-in integrating an adaptildN Itering to select
high-con dence samples and a discriminative loss that encourages intra-class compactness and
inter-class separation, all without requiring manually tuned hyperparameters.

» Extensive experiments on ve benchmark datasets and six deep clustering models demonstrate the
effectiveness, universality, and zero-cost nature of DCBoost.

2 Related Work

Deep clustering aims to learn data representations through deep neural networks while leveraging
these learned features to guide clustering. Early methi®87, 10, 29] utilized autoencoders for
feature learning, followed by joint training of features and clustering, forming the earliest paradigm of
deep clustering. With the rise of self-supervised learning, contradtlyd[18, 2] and non-contrastive

[9, 5] paradigms have been introduced into deep clustering, giving rise to two main branches:
representation-based clustering 35, 32, 13, 39, 23] and clustering-head-based clustering3p,

20, 7, 27, 25]. Representation-based methods typically apply classical clustering algorithms (e.g.,
k-means) on features to generate pseudo labels, which are then fed back as supervision to improve
representation learning. In contrast, clustering-head-based methods attach a dedicated classi cation
head to the network, allowing pseudo labels to be directly predicted and optimized in an end-to-
end fashion. Most existing deep clustering models employ strategies such as contrastive learning
[20, 13], mutual information maximization38], neighborhood consistency,[40] to enhance
performance. Additionally, heuristic Itering techniques are introduced to remove noisy pseudo
labels B6, 27, 30, 16], relying on classi cation con dence or consistency between predictions. Both
paradigms leverage self-supervised learning to produce clustering-friendly representations and have
signi cantly advanced the performance. Recently, large-scale vision and multimodal models like
CLIP have provided new insights for deep clustering suchi @27, incorporating external knowledge

and improving clustering performance.

Motivation. Despite notable progress, we empirically observe that the global structure of existing
models may be unreliable with noisy semantics and weak class separability, while local neighborhoods
tend to be more stable and reliable. Motivated by this, we propose a dynamic sample selection method
extracting high-con dence samples via local consistency to guide global structure optimization. Our
method is parameter-free and applies to both representation- and clustering-head-based models.

3 Proposed Method

Overview. G_iV.en an unlabeled datas€t= Ajgorithm 1 The proposed algorithm DCBoost
fx i g|n:1 contalnlngn unlabeled sam ples b6|0ng-Require: Input data X, pre-trained existing deep clustering model M
ing to c semantic clusters deep clustering aim%i Init_ializefo( )_and fi() with M, and initialize g() randomly
! . : while Clustering do
to group these samples intalifferent clusters. 3. Apply k-means on the output of x) to assign pseudo-labels y
The proposed DCBoost is a generic plug-and: 2108
play algorlthm for boostlng existing deep clus-: Select high-con dence samples using adaptive k-NN by Eq. (2)
tering models. As illustrated in Fig. 2, we initial- ;. Somie e decrminatie loss ueng €as 2), (&), ©) and (0
ize DCBoost by adopting any pre-trained deep  moving average, respectively
clustering model as the target netwdg( ) and ;o ¢ e
duplicating it to construct the online networki1: Apply k-means on the output ofx) for nal clustering
fo (), followed by a randomly initialized non-
linear predictoig(). We apply two types of weak augmentatioh¥() andT 2() to each sample
to generate two different views(x;) andT ?(x;), which are encoded intio2- normalized feature
vectorsz, andz; by f, () andf; (). For each training batcB of sizeng , DCBoost selects a set of
high-con dence samples using an adaptvBIN method (Sec. 3.1, local structure mining), which are
further utilized to construct a discrimination loss to ne-tune the model (Sec. 3.2, local-guided global
re nement). To obtain pseudo-labels for all samptes fy g, , we applyk-means clustering on
the output of the target network at the end of each training epoch for all samples (i.e., the inference

branch of Fig. 2). Algorithm 1 lists the overall process of our DCBoost.




Figure 2: Illustration of our DCBoost framework. During training, the gradient backpropagation of
the target network is detached, and the parametefrg ¢fare updated using exponential moving
average (EMA) from those df,( ). The overall discriminative loss contains three terms: positive
lossL pos, Negative loss g, and instance consistency ldsgs . The inference branch outputs the
pseudo labels of all samples at the end of each epoch.

3.1 High-Con dence Sample Selection Leveraging Local Structure via Adaptive k-NN
Filtering

As previously discussed, empirical evidence indicates that existing deep clustering models excel
at capturing local structure, which can be used to re ne the global feature space to improve the
overall clustering performance. However, it is crucial to acknowledge that not all local structures
are inherently dependable. Local regions, particularly near cluster boundaries, can harbor noisy or
ambiguous data points. Thus, it becomes imperative to discern and utilize only the most reliable
samples—those exhibiting clear structural coherence—to provide stable guidance for training.

To this end, we propose a parameter-free approach to extract high-con dence samples by leveraging
neighborhood label agreement. Speci cally, for each sample's feafuie., the features obtained
through the online and target networks, and Appendix. A provides more details), we retrieve its
nearest neighbors and validate their pseudo-labels. A sample is deemed high-con dence okly if all
neighbors share the same pseudo-label witly; =y;; 8] 2 N« (zi), whereN (z;) is the neighbor

set forz;. Conversely, if any neighbor exhibits a different pseudo-label, the sample likely resides near
a class boundary, and should be excluded from high-con dence sample set. However, determining
the value ok is a challenging task, as the quality of local structures may vary signi cantly across
datasets, models, and training stages, in uenced by the number of underlying classes. A small
will include more samples in the high-con dence set but may reduce the average correctness of the
pseudo labels due to looser agreement criteria. Conversely, &kiamgures higher label consistency

and thus reliability, but may result in fewer selected samples, potentially weakening the overall
self-supervision signal. Figs. 3(a) and (b) illustrate this phenomenon on three typical datasets.

To solve the above issue, we propose an adaptive determination method to better control the number
and quality of high-con dence samples across different training batches. Speci cally, we rst de ne

we setm = 50 to ensure a comprehensive search space while maintaining computational ef ciency.
Then, for each k we compute the corresponding sgQres:
n
scorg, =K n—s; 1)
B
P
whereng = i“;i I(yi =Yj;8z 2 N, (z)) is the number of selected high-con dence samples,
givenks. | is an indicator function that returns 1 if the condition is met and 0 otherwise. We nally
select the candidate yielding the highest score as the value of k.

Remark. Geometrically, the score in Eq. 1 can also be interpreted as the area of the shaded rectangle
as illustrated in Fig. 3(b). Speci cally, the-axis represents the number of neighblorsaind the
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Figure 3: Impact of the value &f on (a) the true accuracy of high-con dence samples, and (b) the
proportion of high-con dence samples, i.e., the ratio of selected high-con dence samples to the total
number of samples in a batch under gikerA smallerk may reduce the reliability of the selection,
whereas a largde generally improves sample quality but selects fewer samples. (¢c) Comparison of
imbalance ratios between high-con dence samples and all samples across classes. The number of
high-con dence samples selected per class can be imbalanced, without proper constraints, classes
with larger sample counts may dominate training and negatively affect performance.

y-axis represents the corresponding proporﬁ;&n The score thus corresponds to the rectangular
area surrounded by them. This intuitive perspective helps to understand the trade-off being optimized.
After determining the value of k, the high-con dence samples sl be computed by:

Xn =1 i 2Bjyi=yj;8z 2N, (z)9: 2)
Our method strikes a well trade-off between the quality and quantity of self-supervision signals,
which allows the model to ef ciently exploit abundant self-supervision early, while later focusing

on highly con dent samples, ultimately improving clustering performance. This trade-off is further
demonstrated by the variation of selected k values during training shown in Appendix C, Fig. 9.

3.2 Global Structure Re nement via Pseudo Label-augmented Discriminative Loss

We propose to re ne the global feature representation by ne-tuning the model with the following
discriminative loss:

L=L pos *L neg *Lins; (3
whereL pos, Lreg, @andLins are positive loss term, negative loss term, and instance consistency loss

term, respectively. In each batch,ds and Lneg are applied to high-con dence samples to enhance
the clustering quality, while ks is applied to all samples to maintain instance-level consistency.

Positive losd. 05 To enhance intra-class compactnéssgs brings together high-con dence samples
with identical pseudo-labels through the formula:
1 X X @ @
Lpos = 57— weds 4
208 c=1 ij2X
Here,cg represents the number of distinct classes among high-con dence samples set within a batch
B, andX. X j represents the set of samples with pseudo-labethe high-con dence seX;,. The
termd? =kz? z k5 =2 2z ?zf signies the squared Euclidean distance between the outputs of
the online and target networks for samplesdj sharing the same pseudo-label. Furthermore, as
depicted in Fig. 3(c), we notice a concentration of high-con dence samples in speci c classes, i.e.,
the dominant class will have much more number of samples than the nondominant ones, leading to
the pseudo class imbalance problem, which can potentially bias the ne-tuning process. Hence, we
introduce a normalization coef cient, to reduce the impact of class imbalance during optimization:
1
we = —P —P : (5)
K ox, 2ol sox, Z'ke

Speci cally, w, can be seen as the inverse of the square of fheorms of the aggregated features
from classc. When a class has more high-con dence samples (thus a larger summed feature norm),
its in uence on the loss is automatically reduced. In this way, the loss naturally compensates for the
imbalance in the number of high-con dence samples across classes. As a summary, the positive loss
in Eq. 4 enforces intra-class compactness on high-con dence samples and introduces the weight




coef cient to balance class-wise contributions, re ning the feature space and improving overall
clustering performance.

Negative losd_ neq . To increase inter-class separability, we repelluster prototypes derived from
high-con dence samples in each batch. The proposed inter-class separation loss is formulated as:
Xs  Xs Xs  Xe
Lneg = kvg, V ¢,k5(c16=6)= (2+2v Vv, (c16=8));  (6)

c1=1 cp=1 c1=1 cp=1

wherev® andv! represent th&2-normalized prototypes computed from the online netwafkand
target networks 'z respectively: P
70 Zt
2X ¢ 2X ¢
Vglz p X 10 ;VI:ZZ p X 2t : (7
k X2X ¢ Z k2 k X2X ¢, Z k2

By minimizing the loss in Eq. 6, our method encourages the inter-class separation through Euclidean
distance-based repulsion between prototypes.

Instance consistency loskns . To preserve consistency of an instance in the online network and
target network, ks aligns augmented views of the same instance:

Lis = g fOTY) +" f ' T2x) 5;where” N(0;1); (8)

where" represents Gaussian noise sampled from a normal distribNt®nl) de ne | here the
identity matrix, and controls its intensity, which is set to 0.001 in all experiments. We treat the
feature-space vicinity of one augmented view as positive samples for the other view, assuming they
share the same semantics. By minimizing the loss in Eq. 8, out method stabilizes global structure and
prevents representation collapse.

4 Experiment

4.1 Experiment Settings Table 1: Summary of datasets.

Datasets, backbones and baselines. We

evaluated our method on ve widely used Dataset Split #Samples _ #Classes
benchmark datasets, including CIFAR-10, CIFAR-10 Train+Test 60,000 10
CIFAR-20 [17], STL-10 [6], ImageNet-10, CIFAR-20 Train+Test 60,000 20
and ImageNet-Dogs3], as summarized in STL-10 Train+Test 13,000 10
Table 1. To ensure a fair evaluation of our 'MmageNet-10 Train 13,000 10
ImageNet-Dogs Train 19,500 15

boosting effect, we used the same image
size and backbone architectures as in the

original settings of the respective baseline methods. We integrated DCBoost into six existing models,
including three representation-based methods, i.e., BYSpLJoNR [39], and ProPos13], and

three clustering-head-based methods: @,[SCAN [36], and CDC [L6]. In addition to improving
existing models, we compared our method with other deep clustering models, including NM [
GCC [40Q], IDFD [34], TCL [21], TCC [32], SPICE R7], SeCu B1], and DPAC B§] to provide a
comprehensive evaluation. More implementation details are shown in Appendix. A.

4.2 Main Results

Signi cant and consistent improvement on different deep clustering models. As shown in
Table 2, our method consistently improves existing models' performance. Notably, models with
lower baseline performance, such as BYOL and CC, bene t signi cantly from our method, with their
performance improving by 3.1% and 4.6%, respectively, greatly enhancing their competitiveness.
Even for the strong-performing ProPos, our method yields an average improvement of approximately
3.2%, allowing it to achieve state-of-the-art (SOTA) performance on CIFAR-10, CIFAR-20, and STL-
10 while closely approaching SOTA on other datasets. Moreover, our method further pushes SOTA
performance across different existing models on ImageNet-10 and ImageNet-Dogs, highlighting its
robust generalizability and effectiveness. Additionally, we also provide results on the large-scale
dataset Tiny-ImageNet (200 classes, 100,000 samples) in Appendix C, where our method still achieves
an improvement of over 2% compared to ProPos.



Table 2: Clustering performance (%) comparisons on ve datasets. The best result for each method is
highlighted in bold, while the overall best result is marked withusiderline Average performance,
standard deviation, and signi cance analysis are provided in Appendix C, Table 18 and Table 19.

Method CIFAR-10 CIFAR-20 STL-10 ImageNet-10 ImageNet-Dogs

NMI  ACC ARl NMI ACC ARI NMI ACC ARl NMI ACC ARI NMI ACC ARl Average
NNM [7] 748 843 70.9| 484 477 31p5 694 80.8 650 - - - - - - -
GCC [40] 76.4 85.6 728 472 472 305 684 788 68.1 842 90.1 B22 49.0 526 : 36.2 64.3
IDFD [34] 711 815 66.3 426 425 264 643 756 575 898 954 90.1 546 59.1 413 63.9
TCL[21] 819 887 78.0 529 531 357 799 868 757 875 895 837 623 644 1516 71.4
TCC[32] 79.0 90.6 733 479 491 312 732 814 6B9 848 89.7 B25 554 595 : 41.7 67.2
SPICE [27] 858 91.7 836 583 584 422 86.0 929 853 902 959 (912 627 675,526 76.3
SeCu [31] 86.1 93.0 857 551 552 397 733 836 693 - - - - - I - -
DPAC [38] 870 934 864 512 555 393 863 934 861 925 970 P35 66.7 726 } 59.8 77.4
CC[20] 769 852 728 477 417 288 730 80.0 681 86.0 899 B23 654 69.6 : 56.0 68.2
CC+QOurs 827 882 785 531 489 352 740 808 694 865 907 (833 679 70.6, 585 71.3(+3.1)
SCAN [36] 825 903 808 540 531 385 836 914 85 938 976 D48 711 73.7 1634 76.7
SCAN+Ours 844 90.8 820 57.0 545 40.6 84.2 917 832 94%.8 952| 73.0 745 65.0: 77.9(+1.2)
CDC [16] 89.0 947 891 606 61.6 463 858 93.0 855 931 973 D41 768 79.2 70.2 81.1
CDC+Ours 89.9 951 90. 63.0 62.7 484 866 934 864 933 973 (942 77%7 71.41 81.9(+0.8)
BYOL [9] 780 875 752 533 523 36D 754 86.1 715 884 947 8.9 69.7 729 '60.9 72.7
BYOL+Ours 85.2 915 83.0 581 547 415 808 90.2 799 899 957 0.8 734 771 } 67.2 77.3(+4.6)
CoNR [39] 86.7 932 86.1 617 59.7 450 852 926 846 911 96.4 22 742 802 67.6 79.8
CoNR+Ours 88.0 941 879 622 60.2 459 856 928 850 914 965 |924 74.6 8&3.B' 80.4(+0.6)
ProPos [13] 88.1 944 883 607 616 444 831 916 825 90.0 958 [91.0 727 76.9} 66.4 79.2
ProPos+Ours _91.1 96.0 91.6| 645 63.9 49.2| 86.7 93.6 86.6| 92.7 97.1 93.7 76.3 79.7 70.7 82.2(+3.0)

To further illustrate the effectiveness of our method, we visualized learned representations using
t-SNE as shown in Fig. 4. Compared to original ProPos, DCBoost produces a more globally well-
structured embedding space, characterized by tighter intra-class clustering and increased inter-class
separation. This improvement is particularly evident in complex datasets such as CIFAR-20 in
Fig. 1(b) and ImageNet-Dogs in Fig. 4(d). To quantitatively complement these visual observations,
as shown in Fig. 5. For silhouette coef cient, which serves as an indicator of global structural quality,
our method signi cantly boosts the silhouette coef cient across various existing deep clustering
models, particularly on ProPos and BYOL, indicating a more coherent global feature structure with
improved inter-class separation. Meanwhile, k(RN accuracy, which measures local consistency,
remains high and even shows a slight improvement, demonstrating that good local structures are not
only preserved but also further re ned. These observations highlight the effectiveness of leveraging
reliable local structural cues to guide and improve the global structure.

(a) CIFAR-10 (b) STL-10

(c) ImageNet-10 (d) ImageNet-Dogs

Figure 4: T-SNE visualization of ProPos (left) and ProPos+Ours (right) on four datasets. The
visualization of CIFAR-20 has been presented on Fig. 1(b).



(a) Silhouette Coef cient (b) k-NN Accuracy
Figure 5: In uence on silhouette coef cient (global structure) and k-NN accuracy (local structure).

Table 3: Ablation study (%) on CIFAR-10, CIFAR-20 and STL-10.

. CIFAR-10 CIFAR-20 STL-10
Filter Lins Lpos  Lneg .
NMI ACC ARI NMI ACC ARI NMI ACC ARl  Average
ProPos 88.1 944 883 60.7 616 444 831 0916 $2.5 77.2

x 88.0 942 879 595 577 39.6 839 906 798 75.7
X 905 956 908 624 618 465 848 922 8319 78.7
X 88.3 944 883 571 59.1 421 836 920 834 76.5
X 83.1 911 815 631 625 469 116 205 6.? 51.9
X 89.0 949 891 631 625 47.0 843 920 831 78.3
X ProPos+Ours 91.1 96.0 916 645 639 492 86.7 936 86.6 80.4

X x XXX x
X x XX,
Xxx x Xx,

4.3 Ablation Study

Each loss term contribute to the clustering performance improvement. From Table 3, we observe

that incorporating all proposed losses while keeping our sample selection mechanism xed yields the
best clustering performance. Removing any individual loss component results in a performance drop,
highlighting their complementary effectiveness. Speci cally, removing the instance consistency loss
Lins eliminates instance-level consistency constraints. The model struggles to preserve meaningful
structure, leading to a collapse in clustering performance, as evidenced by obvious ACC degradation
on both CIFAR-10 (96.0% 91.1%) and STL-10 (93.6% 20.5%). Without the positive lodsys,
intra-class consistency is not enforced. Relying solely on inter-class separation provides minimal
training guidance, leading to nearly no performance improvement. The removal of negative loss
Lneg still has a noticeable impact, and its effect would be even more pronounced without our sample
selection mechanism, which will be further explored in the corresponding ablation study.

Validation of adaptive k-NN ltering. Furthermore, applying all losses without sample selection
signi cantly degrades average performance (80!4%8.3%), highlighting the critical importance

of selecting high-con dence samples. In the absence of sample selection, the remioyg tdads

to partial clustering collapse, causing performance to drop below baseline. In contrast, incorporating
our sample selection strategy signi cantly improved average performance (75.7%&7%), further
validating its effectiveness. As shown in Fig. 6(a), high-con dence samples consistently maintain
higher accuracy than the overall dataset throughout training, highlighting their reliability in guiding
the clustering process and enhancing performance. Additionally, Figs. 6(b)(c) demonstrate that our
method adaptively selects the appropriatalue for different datasets: achieve an ACC of 96.0%
compared to 95.9% with manually det 30, and on CIFAR-20, 63.9% compared to 63.6% with

k = 10. Beyond achieving performance gains, the key advantage is robustness—manual selection is
sensitive to the chosdq and inappropriate settings can cause notable performance degradation. In
contrast, our adaptive strategy yields stable improvements without hyperparameter tuning.

@ (b) (©
Figure 6: (a) Comparison of accuracy between high-con dence samples selected by our methods and
all samples. Impact of the value of k on clustering ACC across (b) CIFAR-10 and (c) CIFAR-20.
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