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Abstract

Modern multi-view clustering (MVC) is dominated by two
paradigms: multi-view fusion and pseudo-label-guided learn-
ing. Pseudo-labeling methods can suffer from confirmation
bias; their reliance on a fixed-granularity supervision from an
initial clustering can cause learned embeddings to drift from
the data’s true structure and lose discriminative power. Con-
versely, fusion methods excel at integrating information but
often struggle to robustly differentiate between high-quality
and noisy views, which can obscure final cluster boundaries
and degrade performance. To address these complementary
challenges, we propose GAPS (Granularity-Aware Pseudo
Supervision), a novel MVC framework. GAPS introduces
a granularity-aware supervision mechanism that generates a
full hierarchy of pseudo-labels, enabling the selection of a
supervision level that best aligns with the data’s intrinsic
multi-scale structure. Furthermore, to ensure a high-quality
supervisory signal, it incorporates a reliability-aware view
selection strategy using a novel Separation-Compactness In-
dex (SCI) to identify and leverage the most informative view
for pseudo-label generation. This dual approach ensures the
supervisory signal is both structurally adaptive and derived
from the most reliable source, leading to highly effective fi-
nal representations. Extensive experiments on synthetic and
real-world datasets demonstrate the effectiveness and superi-
ority of GAPS over other competitors.

Introduction
Multi-view clustering (MVC) leverages diverse data modal-
ities, such as images, text, or sensor signals, to uncover
latent group structures more effectively than single-view
approaches (Jiang et al. 2025a; Wang et al. 2025d; Wen
et al. 2023; Yang and Lin 2022). By integrating comple-
mentary information, MVC can reveal more meaningful pat-
terns (Liang et al. 2025a; Zhang et al. 2023; Guo et al.
2024). However, a central challenge in MVC is learning
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cluster-discriminative representations from these heteroge-
neous sources without access to ground-truth labels (Chen
et al. 2020; Wang et al. 2025b; Liu, Chen, and Yue 2025).

Many MVC methods that rely on unsupervised fusion or
latent space alignment often produce representations with
limited cluster separability because they lack a direct clus-
tering objective (Liang et al. 2025b; Liu et al. 2024a; Zhang
et al. 2024a). For example, some methods perform consen-
sus graph fusion by learning view-specific spectral embed-
ding and then enforcing a low-rank tensor constraint on their
Gram matrices to find a shared structure (Li et al. 2021;
Chen, Wang, and Lai 2023; Wang et al. 2025a; Wu et al.
2025). While effective at structural fusion, this process is
not guided by an explicit cluster-label signal, making the
learned graph vulnerable to noise present in the initial fea-
tures (Liu et al. 2024b; Zhang et al. 2025b). Other methods
adopt an ensemble paradigm, creating multiple base par-
titions from random view groups which are then fused in
a multi-stage process (Huang, Wang, and Lai 2023; Gan
et al. 2025; Wu et al. 2024). These strategies, however, lack
a cluster-driven refinement loop where intermediate cluster
assignments actively supervise and enhance the feature em-
bedding (Jiang et al. 2025b; Wang et al. 2025e). Similarly,
one-step frameworks that jointly optimize for diverse repre-
sentations and final partitions (Wan et al. 2025) still separate
the core tasks of feature learning and clustering within their
objective, missing the guidance that a direct supervisory sig-
nal can provide.

To incorporate cluster-awareness, recent works explored
pseudo-labeling, where preliminary cluster assignments
guide the embedding process (Yang et al. 2025). However,
a critical flaw pervades these methods: they employ a fixed
pseudo-label granularity, typically matching the final num-
ber of clusters. For instance, some frameworks first learn a
latent pseudo-label matrix of size n×K (where n andK are
the number of samples and final clusters, respectively) and
then use this fixed matrix to guide regression on the original
views (Cai et al. 2024; Chen et al. 2025a; Sun et al. 2025).
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More advanced deep models use such pseudo-labels for con-
trastive pair refinement, removing false negatives to improve
feature alignment (Hu et al. 2025; Li et al. 2023). Even in
this advanced case, the pseudo labels are generated for a
predetermined number of clusters and remain fixed through-
out training. Likewise, methods based on collective matrix
factorization incorporate a pseudo-label constraint derived
from an initial clustering of each view into a preset num-
ber of groups (Wang et al. 2022; Cui et al. 2025). Such a
rigid “one-size-fits-all” assumption is fundamentally restric-
tive. Real-world data may possess a natural structure better
captured by a coarser or finer granularity than the final par-
tition; coarse labels can enforce global consistency, while
fine-grained labels preserve subtle local distinctions. Rely-
ing on a single, fixed resolution thus inherently constrains
model performance and generalization.

Another under-explored challenge is the principled selec-
tion of the most informative view to guide the clustering
process. While many approaches learn or assign weights to
quantify each view’s contribution, these fusion strategies re-
main vulnerable to the influence of poor-quality or less in-
formative views. For example, some methods assign explicit
weights to each view based on their contribution to min-
imizing intra-cluster distances (Xu, Wang, and Lai 2016;
Chen et al. 2025b). Others propose auto-weighted frame-
works where weights are learned adaptively as part of a joint
optimization (Nie et al. 2018; Wang et al. 2025c). Further
work develops implicit weight learning, where a view’s im-
portance is inferred from its loss value via a re-weighted
optimization scheme (Nie et al. 2023). In all these cases,
the view contribution is inferred indirectly as a byproduct
of the main learning objective. This passive approach may
still assign non-negligible weight to noisy views, potentially
corrupting the consensus representation. A more principled
alternative is to directly evaluate the clustering quality of
each view with an internal validity metric (Yang et al. 2017,
2021). This allows for the proactive identification of the
view that best captures the intrinsic cluster structure, ensur-
ing that subsequent learning is guided by the most reliable
signal available(Sun et al. 2024).

In this work, we propose GAPS (Granularity-Aware
Pseudo Supervision), a novel multi-view clustering frame-
work that directly addresses these fundamental limitations.
First, GAPS incorporates a reliability-aware view selection
strategy: each view is clustered, and a novel internal cluster-
ing validity index (SCI) is introduced to identify the view of-
fering the most reliable structure. This view anchors the gen-
eration of pseudo-labels, ensuring that supervision is based
on the strongest available signal. Second, GAPS introduces
a granularity-aware supervision mechanism that decouples
the pseudo-label resolution from the final output. By gener-
ating a full hierarchy of pseudo-labels (from fine to coarse)
for the best view, GAPS enables the flexible selection of a
supervision level that is most aligned with the data’s intrinsic
structure. Finally, these components are integrated into an
efficient, shallow architecture where an SCI-weighted fused
distance matrix informs the training of a multi-layer per-
ceptron (MLP) under the guidance of the selected pseudo-
labels, yielding the final cluster partition. Figure 1 illustrates

the basic framework of GAPS, and the main contributions of
GAPS are summarized as follows:

• We propose a principled mechanism for identifying and
exploiting the most informative view for pseudo-label
generation, addressing view heterogeneity and quality is-
sues in multi-view scenarios.

• We introduce a flexible multi-view clustering framework
that aligns pseudo-label supervision with the data’s in-
trinsic granularity, enabling more robust and expressive
representation learning.

• We integrate these processes into a simple, interpretable,
and effective MVC framework, whose superiority in both
flexible supervision and reliable view selection is vali-
dated by extensive experiments compared with state-of-
the-art competitors on synthetic and real-world datasets.

Methodology
Reliability-Aware View Selection
Given multi-view data {V(p)}Pp=1, for each view p and an
integrated view V∗, we compute the pairwise distance ma-
trix D(p) (or D∗, the average of all D(p)) and employ an
adjacency-constrained hierarchical clustering (CHC) mech-
anism originating from Torque Clustering (Yang and Lin
2024a, 2025, 2024b). We adopt CHC for each view because
its constrained merging mechanism not only corrects outlier
misclassification common in traditional hierarchical meth-
ods (e.g., average-linkage, Ward-linkage), but also produces
high-purity pseudo labels at multiple granularities. For any
current set of clusters C, the nearest neighbor of cluster
Ci ∈ C is defined as:

NNC(i) = arg min
Cj∈C\{Ci}

d(Ci, Cj), (1)

where d(Ci, Cj) denotes the distance between clusters Ci
and Cj , measured via the single-linkage criterion. Clusters
Ci andCj are eligible for merging if j = NNC(i) and |Ci| ≤
|Cj |. The corresponding adjacency matrix A is constructed
by

Aij =
{
1, if j = NNC(i), |Ci| ≤ |Cj |
0, otherwise.

(2)

where Ci and Cj are the i-th and j-th clusters, respectively,
and |Ci| denotes the number of samples in Ci. To obtain
K clusters, the K-1 links with the largest merging costs are
removed, where the merging cost is defined as:

Cost(Ci, Cj) = d(Ci, Cj)
2 × |Ci| × |Cj |. (3)

For each view (including the fused view), we denote the
resulting K-partition as P(p). The separation-compactness
index (SCI) for a partition P is computed as:

SCI(P) =
min
u6=v

min
x∈Su, y∈Sv

dist(x, y)

max
w

1

|Sw|(|Sw| − 1)

∑
a,b∈Sw,a 6=b

dist(a, b)
,

(4)
where Su is the set of samples in cluster u, and dist(·, ·)
denotes the pairwise sample distance, for which we use the
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Figure 1: The proposed GAPS framework. It first identifies the most informative view by evaluating initial CHC-based partitions
of each view with the SCI validity metric. A shallow MLP then performs pseudo-supervised representation learning, mapping
an SCI-weighted fusion of all views to a specific granularity of pseudo labels selected from a hierarchy of the best view. Finally,
the learned embedding is used to construct a refined similarity matrix, on which CHC is performed to provide the final partition.

cosine metric. The numerator measures the minimal inter-
cluster distance, and the denominator measures the maximal
intra-cluster dispersion. We employ the SCI metric to as-
sess the quality of each view, as its boundary-sensitive and
centroid-free nature makes it particularly effective in iden-
tifying datasets with non-convex cluster structures. In con-
trast, traditional internal validity indices such as the Silhou-
ette score (Rousseeuw 1987) are primarily suited to convex
clusters and offer limited robustness in complex scenarios.
The most cluster-informative view is selected as:

p† = argmax
p

SCI(P(p)). (5)

The superior inter-cluster separation and intra-cluster com-
pactness of the optimal view p† signify a high degree of clus-
terability, thereby providing a robust foundation for the sub-
sequent generation of multi-granularity pseudo labels.

Granularity-Aware Pseudo-label Extraction
For the selected best view p†, we recursively run CHC with-
out fixing the number of clusters, generating mp† hierarchy
levels. For each level g, the pseudo-label vector is:

lg ∈ {1, . . . ,Kg}n, 1 ≤ g ≤ mp† , (6)

where lg is the n×1 cluster assignment vector for all samples
at the granularity level g, and Kg is the number of clusters
at the level g.

The specific granularity level of the best view p† is deter-
mined by the termination parameter λ ∈ (0, 1]:

kp† = max
(
1,
⌊
λmp†+0.5

⌋)
, (7)

where mp† is the total number of hierarchy levels for p†,
and b·c denotes rounding to the nearest integer. We then

select the pseudo-label vector lk
p†

as the supervision sig-
nal for representation learning. Our framework departs from
fixed-resolution supervision by generating a full hierarchy
of multi-granularity pseudo-labels via hierarchical cluster-
ing. A single granularity parameter λ navigates this hierar-
chy to select a supervisory signal whose resolution aligns
with the intrinsic multiscale topology of data. The granu-
larity parameter λ governs a critical trade-off: lower λ val-
ues favor fine-grained pseudo labels that can capture sub-
tle boundaries missed by fixed-granularity methods but risk
noise sensitivity, while higher λ values yield coarse, robust
labels that may over-merge distinct sub-groups. The optimal
choice is therefore a data-dependent balance between struc-
tural fidelity and noise robustness.

Pseudo-Label Guided Embedding Learning
We construct a fused distance matrix as an SCI-weighted
combination of the individual view distance matrices:

F =
P∑
p=1

w(p)D(p), where w(p) =
SCI(p)∑P
q=1 SCI(q)

. (8)

Here, SCI(p) measures the clustering reliability of each view,
and the normalized SCI score w(p) serves as an adaptive
weight, allowing more reliable views to contribute more
to the initial fusion. We employ distance-matrix-based fu-
sion rather than direct feature concatenation for two reasons:
(i) it overcomes inconsistencies from heterogeneous feature
spaces, and (ii) it yields a unified similarity structure well-
suited for downstream clustering. By weighting views ac-
cording to their SCI scores, this approach also suppresses
the effects of uninformative views.
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A shallow neural network with one hidden layer of width
q is trained to predict the pseudo-labels:

zi = σ(fiW1 + b1), (9)

where σ(·) is a nonlinear activation (e.g., tanh), fi is the fea-
ture vector for sample i, W1 and b1 are weights and biases
for the hidden layer, and zi is the hidden representation.

ŷi = softmax(ziW2 + b2), (10)

where W2 and b2 are weights and biases for the output
layer, and ŷi is the predicted label distribution.

The network is trained by minimizing the cross-entropy
loss:

J = − 1

n

n∑
i=1

Kk
p†∑

c=1

1(lk
p† ,i

= c) log ŷi,c, (11)

where lk
p† ,i

is the assigned pseudo-label for sample i, and
Kk

p†
is the number of clusters at the selected granularity.

The learned hidden representation Z ∈ Rn×q is then used
to construct a k-nearest neighbor similarity matrix:

Sij =

{
exp

(
−d(zi,zj)

2

τ2

)
, if zj ∈ N (k)

i

0, otherwise
(12)

whereN (k)
i denotes the k-nearest neighbors of sample i, and

τ2 =
1

nk

n∑
i=1

∑
zj∈N (k)

i

d(zi, zj)
2 (13)

is the average squared distance among all k-NN pairs
(Zhang et al. 2012).

CHC is finally performed on 1 − Sij as the pairwise dis-
tance, cutting atK clusters to produce the final partition. The
framework and pseudo-code of GAPS are shown in Figure 1
and Algorithm 1, respectively.

Computational Complexity Analysis

The computational complexity of GAPS is primarily deter-
mined by the steps involving distance computation and hi-
erarchical clustering. For each of the P views and the fused
view, pairwise distance matrix calculation (Step 2) and CHC
clustering (Step 3) requires O(Pn2). Step 6, which recur-
sively applies CHC on the selected view, requires O(n2)
cost. The construction of the kNN kernel and final clustering
(Steps 12-13) together also require up to O(n2). All other
steps, including SCI computation, pseudo-label selection,
feature concatenation, and shallow MLP training (Steps 4-
11), are linear or near-linear with respect to n and thus neg-
ligible in the total cost. Overall, GAPS has a total complex-
ity of O(Pn2) in standard settings, which may be reduced
to O(Pn log n) if efficient kd-tree or approximate kNN ac-
celeration is used in low-dimensional scenarios (Fei et al.
2025b,a).

Algorithm 1: Granularity-Aware Pseudo Supervision.

Input: Multi-view data {V(p)}Pp=1, number of clusters K,
granularity parameter λ, neighbor count k;

1: for each view p = 1, · · · , P and fused view:
2: Compute the distance matrix;
3: Run CHC and cut tree at K clusters by Eqs. (1)-(3),

yielding the cluster partition;
4: Compute SCI index for each partition by Eq. (4);
5: end for
6: Identify the best view p† using Eq. (5);
7: Based on D(p†), recursively run CHC for full hierarchy;
8: Record pseudo labels lg for each level g by Eq. (6);
9: Compute the granularity level kp† by Eq. (7);

10: Select lk
p†

as the unique pseudo-label vector;
11: Construct the initial representation into F by Eq. (8);
12: Train MLP using (F, lk

p†
) to learn Z by Eqs. (9)-(11);

13: Build S using Eqs. (12) and (13);
14: Run CHC on 1− Sij to cut at K clusters.
Output: Final cluster assignments for all samples.

Experiment Analysis

This section provides comprehensive experiments on syn-
thetic data and six real-world datasets and compares the pro-
posed GAPS with state-of-the-art competitors. The synthetic
data contains three views, as shown in Figures 2(a)–(c), and
the details of real-world datasets are summarized in Table
??.

Experimental Settings

We compare the proposed GAPS with nine MVC methods,
including three pseudo-label guided methods, i.e., Pseudo-
Label Collective Matrix Factorization for Multi-View Clus-
tering (PLCMF) (Wang et al. 2022), Continual Multi-View
Clustering with Consistent Anchor Guidance (C3MVC)
(Zhang et al. 2024b), and Anchor Learning for Multi-View
Clustering (ALMVC) (Ma et al. 2024), six fusion-based
or latent space alignment-based methods, i.e., Graph-based
Multi-View Clustering (GMC) (Wang, Yang, and Liu 2020),
Multi-view Subspace Clustering on Topological Manifold
(TMMSC) (Hu et al. 2025), Simple one-step Multi-View
Clustering (SONIC) (Xia et al. 2025), View Variation and
View Heredity for Multi-View Clustering (V3H) (Fang
et al. 2021), Multi-View Clustering With Incremental In-
stances and Views (MVCIIV) (Zhang et al. 2025a), and
Weighted Multi-View Spectral Clustering (WMSC) (Zong
et al. 2018). All methods are evaluated using two widely
used external metrics: Accuracy (ACC) and Normalized
Mutual Information (NMI) (Strehl and Ghosh 2002). GAPS
is configured with an MLP containing 100 tanh hidden units
(i.e., q = 100) and a softmax output, optimized using cross-
entropy loss and scaled conjugate-gradient (learning rate =
0.01). Parameters for each baseline are tuned according to
their original settings to ensure a fair comparison.
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Datasets Views (features) Samples Clusters
UCI 3(64/76/216) 2000 10

COIL-20 3(1024/3394/6750) 1440 20
HW 2(76/240) 2000 10
ORL 3(4096/3304/6750) 400 40

UMIST 3(30/30/30) 575 20
CMU-PIE 3(30/30/30) 2856 68

Table 1: Details of real-world multi-view datasets

(a) view 1 (b) view 2 (c) view 3

(d) λ = 0.1 (e) λ = 0.4 (f) λ = 0.8

(g) ALMVC (h) C3MVC (i) PLCMF

Figure 2: Results on the synthetic data, in which (a)-(c) show
the original data distributions of three views, (d)-(f) shows
the similarity matrices learned by GAPS with different gran-
ularity pseudo labels (i.e., λ = 0.1, 0.4, 0.8), (g)-(i) are the
results of ALMVC, C3MVC, and PLCMF, respectively.

Experiments on Synthetic Dataset
To intuitively highlight the advantages of GAPS, we gen-
erate a synthetic dataset comprising three heterogeneous
views, as depicted in Figures 2(a)-(c). Unlike the methods
(i.e., ALMVC, C3MVC, and PLCMF) that rely on fixed-
granularity pseudo labels, GAPS leverages the granularity-
aware pseudo-label supervision strategy to align the multi-
scale intrinsic structures of data in different views. This
strategy enables the GAPS to learn more discriminative rep-
resentations. As demonstrated in Figures 2(d)-(f), by varying
the number of granularities (i.e., setting λ to 0.1, 0.4, and
0.8 to span from fine to coarse granularities), we observe
that coarse-granularity supervision (λ = 0.8) leads to clearer
and more well-separated cluster structures in the learned
representations. Moreover, the SCI-based internal evalua-
tion criterion in GAPS facilitates the selection of the most

Methods UCI COIL20 HW ORL UMIST CMU-PIE Average
GMC .8495 .7910 .8300 .6325 .5217 .7048 .7216

TMMSC .9024 .8042 .9105 .7825 .5160 .7953 .7852
SONIC .7680 .6778 .7585 .5950 .4452 .4741 .6188

V3H .9051 .6012 .8669 .7412 .5294 .7231 .7278
MVCIIV .9100 .8472 .9520 .8375 .6609 .8764 .8473
WMSC .8410 .8465 .8335 .8300 .4539 .6590 .7440
C3MVC .8595 .7569 .8000 .7575 .5026 .6572 .7223
PLCMF .8780 .6660 .9270 .6775 .4957 .6537 .7163
ALMVC .9085 .5785 .8720 .6250 .3461 .5473 .6462

GAPS .9645 .9979 .9705 .8550 .8835 1 .9452

Table 2: ACC on Real-world Datasets.

Methods UCI COIL20 HW ORL UMIST CMU-PIE Average
GMC .9013 .9410 .8767 .8590 .7373 .8892 .8674

TMMSC .8885 .9190 .9032 .7800 .7223 .9072 .8534
SONIC .7499 .7969 .7673 .7751 .6498 .6645 .7339

V3H .8118 .7639 .7425 .8633 .6859 .8667 .7890
MVCIIV .8336 .9548 .9126 .9029 .8416 .9710 .9028
WMSC .8839 .9486 .8772 .8985 .7015 .8571 .8611
C3MVC .7604 .8265 .7012 .9214 .7240 .8027 .7894
PLCMF .8043 .7612 .8509 .8227 .6678 .7815 .7814
ALMVC .8319 .7151 .7836 .8034 .4702 .7269 .7219

GAPS .9236 .9971 .9329 .9309 .9393 1 .9540

Table 3: NMI on Real-world Datasets.

informative view (i.e., view 3), effectively mitigating the ad-
verse impacts of less informative views during the view fu-
sion process. In contrast, Figures 2(g)-(i) present the results
of ALMVC, C3MVC, and PLCMF, respectively. Specifi-
cally, ALMVC is restricted to fixed-granularity pseudo la-
bels and fails to select informative views. C3MVC fuses
pseudo labels in a uniform manner across all views yet
ignores view heterogeneities and granularities, which re-
sults in over-segmented structures when views vary in qual-
ity. PLCMF likewise uses fixed-granularity pseudo labels
and lacks specific mechanisms to identify or filter out poor
views, leading to even noisier results.

Experiments on Real-world Datasets
The ACC and NMI results of GAPS and compared meth-
ods across six datasets are summarized in Table ?? and
Table ??, respectively. We can observe that GAPS outper-
forms other competitors across all datasets, with average im-
provements of 22.29% in ACC and 16.46% in NMI over
the best pseudo-label driven method (i.e., C3MVC), and
9.79% in ACC and 5.12% in NMI over the best fusion-
based MVC methods (i.e., MVCIIV). This consistent su-
periority can be primarily attributed to GAPS’s dual inno-
vations: the granularity-aware pseudo-label supervision and
the adaptive view selection via the SCI criterion. By dynam-
ically aligning pseudo-label guidance to the intrinsic gran-
ularity of each view, GAPS can learn discriminative repre-
sentations from data. The use of the SCI-based internal cri-
terion enables GAPS to automatically identify and further
exploit the most informative view for representation learn-
ing, thereby reducing the adverse impacts of poor views
on multi-view fusion. In contrast, the pseudo-label-driven
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Figure 3: Runtime of GAPS and other methods.

methods such as ALMVC, C3MVC, and PLCMF rely solely
on fixed-granularity pseudo labels and apply uniform ag-
gregation across all views. This lack of flexibility and ab-
sence of informative-view selection make them susceptible
to uninformative views, especially in the presence of hetero-
geneous structures. Meanwhile, the fusion-based methods
like MVCIIV and TMMSC require explicit view alignments
and involve extensive spectral computations, limiting their
scalability and robustness when dealing with diverse multi-
view data. As a result, these competitors cannot fully ex-
plore the complementary information embedded in hetero-
geneous views. By the joint use of granularity-aware super-
vision and automatic selection of cluster-informative views,
GAPS maximizes the utility of multi-view data, yielding
superior clustering performance. Finally, it is worth noting
that the superiority of GAPS is particularly prominent on
COIL20, UMIST, and CMU-PIE. We attribute this signifi-
cant advantage to the use of CHC instead of the K-means
or spectral clustering used by most competitors. The con-
strained merging mechanism of CHC is more effective at
identifying the sparse, non-convex structures often found in
such image data, thereby reducing misclassifications along
cluster boundaries. In comparison, partitioning methods like
K-means struggle with these non-convex shapes, while spec-
tral clustering often incorrectly connects clusters with un-
clear boundaries, degrading their performance.

Figure 3 presents the runtime comparison of GAPS
against several representative methods on the COIL20
dataset, with the number of samples ranging from 200 to
1440. Notably, GAPS consistently demonstrates the low-
est runtime across all data sizes. This efficiency can be at-
tributed to the streamlined, shallow clustering architecture of

(a) View1 (b) View2 (c) View3

(d) ALMVC (e) PLCMF (f) GAPS

Figure 4: Visualization of learned similarity matrices for
GAPS and other pseudo-label-driven methods on UCI.

UCI COIL20 ORL
0.5

0.6

0.7

0.8

0.9

1

A
C

C

GAPS-1

GAPS-2

GAPS-3

GAPS

Figure 5: Comparison of GAPS with its variants.

GAPS, which avoids complex cross-view alignments found
in compared methods. Instead, GAPS leverages fast pseudo-
label supervision, efficient SCI-based selection, and single-
pass fusion, enabling robust and scalable multi-view cluster-
ing with minimal computational costs.

Visualization
To visually highlight the effectiveness and superiority of
the granularity-aware supervision and the reliability-aware
view selection mechanism designed for GAPS, we com-
pare the similarity matrix learned by GAPS to those of two
pseudo-label-driven methods, i.e., ALMVC and PLCMF, on
the UCI dataset. As shown in Figure 4, the first row (a)-(c)
displays the similarity matrices of the original three views,
while the second row (d)-(f) illustrates the matrices gener-
ated by ALMVC, PLCMF, and GAPS, respectively. It can
be observed that the matrix learned by GAPS exhibits a sig-
nificantly cleaner block-diagonal structure compared to the
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Figure 6: Performance of GAPS with different parameters.

original views, indicating more compact intra-cluster sim-
ilarity and greater inter-cluster separation. While ALMVC
attempts to use a reliable reference view, its passive fusion
strategy still allows noise from inferior views to contami-
nate the final representation, resulting in indistinct cluster
boundaries. Conversely, PLCMF produces a sparser matrix
but struggles to preserve the integrity of certain clusters,
i.e., a direct consequence of its reliance on a fixed granu-
larity for pseudo-labels, restricting its ability to adaptively
capture finer or coarser clustering structures of data. This
visualization demonstrates that the adaptive combination of
view selection and granularity-aware supervision can facili-
tate learning a more effective representation for clustering.

Ablation Study
To further elucidate the contribution of each component
within the proposed GAPS framework, we conducted a
series of ablation studies. Specifically, GAPS-1 replaces
the SCI index with the classic Silhouette index for best-
view selection. GAPS-2 substitutes the CHC algorithm
with the conventional Ward linkage method for both multi-
granularity pseudo-label generation and final clustering. In
GAPS-3, no selection criterion is applied; instead, multi-
granularity pseudo-labels are generated by concatenating all
views to guide representation learning. As illustrated in Fig-
ure 5, the ACC scores of GAPS-1, GAPS-2, and GAPS-3
across the three datasets are consistently lower than those
achieved by the complete GAPS framework, highlighting
the essential role of each proposed mechanism in achieving
superior clustering performance.

Parameter Sensitivity Analysis
The proposed GAPS involves two parameters: λ, which con-
trols the granularity level (from fine to coarse) of the pseudo
labels selected from the most informative view, and k, which

defines the number of nearest neighbors for constructing
the similarity matrix from embedding. Figure 6 illustrates
the ACC scores of GAPS across these parameters on the
UMIST, COIL20, ORL, and UCI datasets, revealing over-
all stable performance. We find that the optimal λ varies
significantly across datasets (e.g., 0.2 for COIL20, 0.4 for
ORL, 0.6 for UCI, and 0.7 for UMIST), further highlight-
ing the importance of granularity-aware supervision. Specif-
ically, the finer granularity (corresponding to a smaller λ)
enables the capture of subtle cluster structures but might in-
crease the sensitivity to noise, whereas the coarser granu-
larity (corresponding to a larger λ) can enhance the robust-
ness to noise at the cost of merging distinct sub-clusters.
Meanwhile, GAPS demonstrates notable insensitivity to k.
This is because the pseudo-supervised embedding refine-
ment module can project data into a more separable latent
space, thereby mitigating the severity of this trade-off and
ensuring the final partitioning is robust across a wide range
of neighborhood definitions. These findings suggest that the
selection of λ should consider the inherent multiscale char-
acteristics of data, achieving promising performance.

Conclusion
In this paper, we introduced GAPS, a novel framework
designed to address fundamental limitations in multi-view
clustering. We identified that existing methods are often con-
strained by rigid pseudo-label granularity and are suscepti-
ble to noise from suboptimal view integration. Our solution
successfully tackled these issues through two primary con-
tributions: the introduction of a pseudo-supervision mech-
anism with flexible, controllable granularity, and a princi-
pled, reliability-driven strategy for selecting the most in-
formative view. Our comprehensive experimental evalua-
tion confirmed the efficacy of this approach, showing that
GAPS not only achieves state-of-the-art clustering accuracy
on multiple benchmarks but also maintains remarkable com-
putational efficiency due to its simple design. The results
underscore the importance of aligning supervision signals
with the inherent structure of the data. Future work could
explore automating the selection of the granularity param-
eter to develop a fully adaptive framework. For example,
investigating the clusterability of the learned hidden repre-
sentation Z using SCI may provide a principled way to au-
tomatically determine λ. Furthermore, extending the princi-
ple of granularity-aware supervision to other unsupervised
or semi-supervised learning paradigms presents a promising
research avenue.
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