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Abstract

In real-world scenarios, multi-view data often ex-
hibits significant imbalance in missing patterns
across views, where observation rates vary sub-
stantially among different views. Such observa-
tion bias makes it difficult for cross-view associ-
ations learned from limited complete samples to
generalize to incomplete samples, leading to chal-
lenging cross-view recovery. Meanwhile, observa-
tion bias acts as a confounder, causing clustering
predictions to spuriously depend on low-missing-
rate views. To address these challenges, we pro-
pose CIMLN, a novel Causal-Invariant Meta-
Learning Network that alleviates observation bias
for unbalanced incomplete multi-view clustering.
The context-aware meta-generation module for-
mulates view recovery as a meta-learning task, en-
abling rapid adaptation to incomplete samples by
encoding global statistical relationships through
context information. The causal-invariant struc-
ture learning module constructs counterfactual
scenarios by artificially masking low-missing-rate
views, enforcing clustering consistency across
different observation patterns. Extensive exper-
iments on eight benchmarks demonstrate the ef-
fectiveness of CIMLN. The code is available at
https://github.com/jinjiaqi1998/CIMLN.

1. Introduction

The widely recognized premise that leveraging more data
sources improves learning performance has driven the rapid
development of multi-view learning (Ren et al., 2024; Cui
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Figure 1. 1llustration of the unbalanced missing pattern in multi-
view data. The first section demonstrates this unbalanced missing
scenario using three views as an example, employing a bar chart
to compare the observation rates of each view under both unbal-
anced” and “conventional” settings. The second and third sections
illustrate the observation bias induced by this unbalanced missing
pattern, as well as the subsequent problem of biased prediction.

etal., 2025; Chen et al., 2025a; Zhou et al., 2026; Guan et al.,
2025b;a). By characterizing the same object from multiple
heterogeneous sources, multi-view data provides more com-
prehensive and complementary information than any single
view alone. Multi-view clustering (Chen et al., 2025b; Xu
etal., 2025; Yu et al., 2025; 2024) implicitly assumes that all
views are fully observable and aims to integrate information
across views to discover the inherent grouping structure of
data in an unsupervised manner. However, in real-world ap-
plications, factors such as high acquisition costs and privacy
restrictions often render multi-view data only partially avail-
able, giving rise to the problem of Incomplete Multi-View
Clustering IMVC) (Wen et al., 2025; Chen et al., 2024,
Zhao et al., 2025).

Both recovery-based (Wang et al., 2025¢; Liu et al., 2023)
and recovery-free IMVC methods (Wang et al., 2020; Feng
et al., 2024; Xue et al., 2024) primarily focus on scenarios
where views are randomly or uniformly missing. However,
in a broader range of practical applications, missing patterns
often exhibit significant imbalance, i.e., the observation
rates vary considerably across different views, as illustrated
in Figure 1. In medical diagnosis, medical imaging ex-
aminations (Cui et al., 2026) typically have observation
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rates below 20% due to high costs, whereas routine blood
tests approach 100%. In financial credit assessment, emerg-
ing e-commerce behavioral data has an availability rate of
only 15-30% due to user privacy protection and platform
fragmentation. In remote sensing, optical imagery suffers
from cloud occlusion with observation rates around 40%,
while SAR radar data achieves over 80%. Clustering on
datasets with such significant disparities in view availability
is termed Unbalanced Incomplete Multi-View Clustering
(UIMVC).

Current IMVC methods are primarily designed for relatively
balanced missing scenarios (Chowdhury et al., 2025; Liu
et al., 2024; Long et al., 2023). Under unbalanced miss-
ing patterns, however, the information imbalance across
views introduces severe observation bias, posing significant
challenges. On one hand, observation bias forces these meth-
ods to learn cross-view associations from extremely limited
paired data, making it difficult to generalize to incomplete
samples and thus hindering cross-view recovery. More crit-
ically, observation bias acts as a confounding factor, caus-
ing clustering predictions to become overly dependent on
low-missing-rate views. Contrastive methods (Dong et al.,
2025; Zhang et al., 2025) that learn cross-view mappings
from abundant complete paired samples and treat all views
equally consequently lead to clustering predictions that er-
roneously depend on extrinsic observation patterns rather
than solely on the intrinsic data structure.

To overcome these limitations, we propose CIMLN, a novel
Causal-Invariant Meta-Learning Network to alleviate obser-
vation bias for unbalanced incomplete multi-view clustering.
Specifically, we introduce a context-aware meta-generation
module that formulates missing view recovery as a meta-
learning task. By encoding global statistical relationships
through contextual information, this module enables the
model to learn transferable generative meta-knowledge from
scarce paired data and rapidly adapt to incomplete samples.
Furthermore, the causal-invariant structure learning mod-
ule in CIMLN identifies observation masks as confounding
factors from a causal inference perspective and constructs
counterfactual scenarios by randomly masking available
views. This enforces consistency in clustering assignments
between factual and counterfactual observation patterns,
thereby eliminating the erroneous dependence of clustering
on observation patterns. The meta-generation module pro-
vides high-quality missing view representations for counter-
factual scenarios, while the causal-invariant module in turn
imposes strong semantic constraints on the former. Through
this deep synergy, CIMLN effectively alleviates observation
bias in unbalanced incomplete multi-view scenarios. The
main contributions are summarized as follows,

* We identify the observation bias problem under un-
balanced incomplete multi-view scenarios along with

its two derived challenges, namely difficulty in cross-
view recovery and spurious dependence on observation
patterns. We propose a causal-invariant meta-learning
network to effectively mitigate observation bias.

* We innovatively integrate meta-learning and causal
inference paradigms within CIMLN. Meta-learning
overcomes information imbalance to enable rapid adap-
tation for missing views, while causal inference elim-
inates the erroneous dependence of clustering predic-
tions on observation patterns.

» Extensive experiments on eight benchmarks demon-
strate that CIMLN significantly outperforms existing
methods under unbalanced missing scenarios.

2. Related Work
2.1. Deep Incomplete Multi-view Clustering

Deep neural networks improve clustering by learning nonlin-
ear representations and modeling cross-view associations(Li
et al., 2025a;b; Zhou et al., 2025; Wang et al., 2025a), which
has motivated extensive research on deep incomplete multi-
view clustering. A dominant paradigm is missing-view
recovery(Chao et al., 2024; Lu et al., 2024; Feng et al.,
2025), aiming to reconstruct missing data or latent rep-
resentations to mitigate performance degradation. Exist-
ing methods mainly fall into three categories: (1) GAN-
based approaches that synthesize missing views via ad-
versarial learning, e.g., CPM-Nets(Zhang et al., 2022) and
GP-MVC(Wang et al., 2021); (2) Graph-based approaches
that transfer structural information to infer missing views,
such as CRTC(Wang et al., 2023), SPCC(Dong et al., 2025),
and ICMVC(Chao et al., 2024); and (3) Entropy-based
approaches that minimize conditional entropy through dual-
view prediction, including COMPLETER(Lin et al., 2021)
and DCP(Lin et al., 2022). However, most of these meth-
ods implicitly assume relatively balanced missingness (or
sufficient complete samples), and thus may be less effec-
tive under unbalanced missing patterns, where cross-view
recovery generalizes poorly and clustering becomes biased
toward low-missing-rate views.

2.2. Causal Representation Learning

Causal representation learning (Deng et al., 2025) seeks
shift-robust features by enforcing causal invariance and us-
ing counterfactual reasoning to reduce confounder-induced
spurious correlations. In multi-view learning (Fang et al.,
2023), it views each modality as an observation of latent
factors to separate shared semantics from view-specific
noise. Recent attempts include identifiability under partial
observability (Yao et al., 2023), mitigating noisy/dominant-
view dependency (CausalMVC) (Bao et al., 2025), and
intervention-based invariant clustering (CauMVC) (Yang
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et al., 2025). However, they generally do not explic-
itly model observation bias under unbalanced missingness,
where missingness patterns hinder cross-view transfer and
spuriously bias clustering toward low-missing-rate views.
We therefore treat missingness patterns as environmental
variations and enforce observation-pattern-invariant cluster-
ing via counterfactual construction and invariant constraints.

3. Methodology

3.1. Motivation and Problem Formulation

In real-world scenarios, multi-view incompleteness often
exhibits significant imbalance, causing observation bias and
posing two core challenges for clustering: i) Existing meth-
ods struggle to learn reliable cross-view associations from
imbalanced view information to recover missing instances;
ii) Clustering predictions tend to erroneously depend on
low-missing-rate views. Therefore, we propose a Causal-
Invariant Meta-Learning Network to alleviate observation
bias. The core modules of CIMLN are the View-specific
Feature Extraction Module (VFES), the Context-aware Meta-
generation Module (CM), and the Causal-invariant Structure
Learning Module (CSL), as illustrated in Figure 2. The CM
module learns transferable generative meta-knowledge from
scarce paired data to enable high-quality recovery of missing
views. The CSL module constructs counterfactual scenar-
ios to eliminate the erroneous dependence of clustering on
observation patterns.

We denote multi-view dataset as D = {X!, X2 ... X"}
with N samples and V' views. For the v-th view, the data
matrix is XV = [x},x3,--- ,x%]T € RV*9", The obser-
vation mask matrix M = [m?] € {0,1}V*V is defined
where m; = 1 indicates x; is observed and m; = 0 in-
dicates missing. Our method aims to recover the missing

instances and divide all samples into K clusters.

3.2. View-specific Feature Extraction Module

For each view v € {1,...,V'}, we define an encoder £

R — R and a decoder D}, : R — R%" that map
raw features to a unified latent space of dimension dj,. The
latent representation of sample ¢ in view v is hi = £F (x (x7),
and the fused representation is z; = [h};...;h}] € RV4n,
The reconstruction objective is defined as the normalized
reconstruction error for observed samples,

sy my [x¢ =DV (£(x)))Il3
Lree = Z ¥ ;M
Zz lm

where m? € {0,1} denotes the observation mask, with
loss computed only for observed views. This formulation
enables extraction of view-specific features that preserve
semantic structure.

3.3. Context-aware Meta-generation Module

Inspired by meta-learning, we formulate missing view gen-
eration as a rapid adaptation task to generate target missing
view representations from observed views. The complete
sample set, comprising samples with all views observed, is
defined as follows,

S.=<ie{l,...,N}

\%
[[m=1}. )
v=1

S. serves as the support set for meta-learning, providing
complete cross-view mapping information. For sample j €
S., the aggregated representation is defined as follows,

1 < 1 <
= b = 2L (x)). 3)
v=1 v=1

The meta-generator Gy learns the conditional distribution
po(hv|h,C,) to infer missing view representations. Con-
text information C,, is defined as the expected second-order
interactions over support samples:

C,=Ejus. [h;0h)] = — > h;ohy, @

JES.

lSI

where ® denotes the Hadamard product. This context en-
codes cross-view associations, enabling information from
low-missing-rate views to guide the generation of high-
missing-rate views. The target view representation follows
a conditional Gaussian distribution:

pe(hvlﬁvcv) :./\/(h”;MQ(B,CU),diag(o‘%(ﬁ,cv))) ©)

where p1y and o2 parameterize the mean and diagonal co-
variance, respectively. For high-missing-rate views, the
model automatically increases variance to capture genera-
tion uncertainty.

Dimension normalization is introduced to eliminate the im-
pact of latent space dimension on loss magnitude. For view
v, with observed sample set 8750) = {i|my = 1}, the meta-
learning loss is formulated as follows,

lgleta = (0 Z lngg(h |hl —v )7 (6)
RERFA
where hy . = oy Doco, vz hf and O; =

{v|m¥ = 1} is the observed view set for sample ¢. Expand-
ing the Gaussian log-likelihood with variance regularization
as follows,

& o3| i (hiy — po)?
meta ° e - 2
1851 iesl® et T6.

(N
var ZIOg Uek_l'e) )
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Figure 2. The framework of CIMLN. As shown, the core modules of CIMLN are the View-specific Feature Extraction Module (VFS), the
Context-aware Meta-generation Module (CM), and the Causal-invariant Structure Learning Module (CSL). The VFS module projects the
features of each view into a common space. CM module acquires transferable generative meta-knowledge from limited paired samples,
which supports the high-fidelity recovery of missing views. Meanwhile, the CSL module builds counterfactual situations to remove the

erroneous dependence of clustering on observation patterns.

where Ay, is the regularization coefficient and € is the nu-
merical stability constant. The final meta-learning loss is

v
E : lmeta’

VEWvalid

®)

) 1
Loneta = E'UNZ/[(Vvalid) metal = m
vall

where Vyia = {v] |81(,0)| > 0} is the valid view set.

For incomplete sample ¢ with missing view set M; =
{v|m? = 0} # 0, the meta-generator generates missing
view representations. For v € M, the generation process
is

hY = Gy(hi —y,Cy) = py(hy o, Co). ©)

During inference, the mean p, is used as the generated
representation for deterministic generation.

3.4. Causal-invariant Structure Learning Module

Under unbalanced missing scenarios, models tend to bias
toward low-missing-rate views, causing clustering structures
to spuriously depend on observation patterns. We introduce
a structural causal model for analysis. Let Y denote the true
clustering labels, H = {h"}Y_, the latent representations
of all views, and M = {m"}Y_, the observation masks.
The observation mask M affects both H and clustering

prediction Y, forming a confounding factor. The causal
graphisM - H —- Y withM — Y.

To eliminate spurious dependence, intervention is performed
to learn a causal-invariant clustering structure,

p(Y[H,do(M)) = p(Y'[H), (10)

where do(M) denotes intervention on the observation pat-
tern, breaking the spurious causal path between M and Y.

Counterfactual samples are constructed via random mask-
ing. For sample ¢ with factual observation mask m; =

[m},---,mY]T, the intervention distribution is defined as,

v
3
v
3

Bernoulli(1 — 3),
)

-1
=0

if m

(i}

7 if m

where § € (0, 1) is the intervention strength and dg(-) is
the Dirac distribution. Observed views are masked with
probability 3, while missing views remain missing.

The fused representation for clustering assignment is con-
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structed as

é(m ‘Y4 (1—m )h”) cRVH (12

v=1

where P denotes concatenation, with h? for observed views
and flf for missing views. Given cluster center matrix
W = [wy, - ,wg| € RV'4>XK the clustering assign-
ment probability is:

Gire = p(yi = k|zi, W)
B exp (=77 1|z; — wi||3) (13)
i exp (=2 — wi[|3)]
where 7 > 0 is the temperature parameter. Denote

the factual clustering assignment distribution as q; =
Gi1, -+ aqu]T

Given counterfactual mask m;, the counterfactual input is

constructed as:
by =y 10} = 1), (14)

where I(-) is the indicator function. If a view is masked
in the counterfactual scenario, its input is forced to zero.
Using the meta-generator, the counterfactual fused represen-

tation z( “f) i generated and the counterfactual clustering
assignment is computed as:

05" = p(ys = Kz, W)
exp (=712 — wi3) (15)
Sioyexp (=12 wie3)

Denote the counterfactual clustering assignment distribution

as qfff) g (Ff) . ’ql(ff)]

KL divergence is used to minimize the difference between
factual and counterfactual distributions. Treating the factual
distribution q: as the teacher signal and the counterfactual

distribution q(cj )

Leau = EinDErimr(-my) [DKL (qillqicf))}

NZEmlww (+|my;) [Z qik IOg (gz’;)

as the student signal, the causal loss is

] (16)

Minimizing this causal loss makes the generation mecha-
nism causally robust, eliminating the spurious causal effect
of observation patterns on clustering.

3.5. Objective Function and Optimization

In general, the objective loss function of CIMLN is formu-
lated as follows,

L= ‘Crec + )\lﬁmeta + )\2£cau; (]7)

Algorithm 1 The optimization of CIMLN

Input: Dataset {X"}"_; of size N; number of clusters K;
networks {3 , D, }V_, and Gp; max epoch of two
stage E'1, Fs; trade-off parameters A; and \s.

Output: The predicted clustering results Y.

1: for e = 1toE1 do
2. Update {&§ , Dy,

3: end for

4:

5:

—; with Eq. (1)

fore = 1to E5 do
Compute aggregated representations for support sam-
ples via Eq. (3)
6:  Obtain context information for each view by Eq. (4)
7:  Predicts mean and variance by Eq. (5)

8 Generate missing view representations via Eq. (9)
9:  Construct factual fused representation via Eq. (12)
10:  Compute factual clustering assignment via Eq. (13)

11:  Sample counterfactual mask via Eq. (11)

12:  Construct counterfactual input via Eq. (14)

13:  Compute counterfactual assignment via Eq. (15)
14:  Train the entire network with Eq. (17)

15: end for

where \; and A\ are balanced coefficients used to adjust
the influence of loss term. The three terms form a synergis-
tic mechanism. L,.. prevents representation degradation,
L metq enables the meta-generator to learn effective cross-
view mappings for recovering high-missing-rate views, and
L.q eliminates observation pattern bias via adversarial
counterfactual scenarios, improving generalization and clus-
tering consistency.

The optimization process of our CIMLN is listed in Algo-
rithm 1. After optimization, the meta-generator generates
missing view representations, which are concatenated with
complete view representations, followed by k-means to ob-
tain the final clustering result Y.

3.6. Theoretical Analysis

This section theoretically analyzes the applicability of
CIMLN under unbalanced incomplete multi-view scenarios,
providing rigorous mathematical guarantees.

Theorem 3.1. Let the meta-generator Gy belong to hy-
pothesis space G with empirical Rademacher complexity
E)A%‘SA (G). For any view v and any 6 € (0,1), with proba-
bility at least 1 — 0, the expected generation error of the
meta-generator on all samples satisfies:

]E(f,h“)va “|g€(ﬁvcv) - hv”%]
<1® u +4D2Rs (G

t H |Sc|( ) (18)
4 D% 210@‘(2'/5) 4D7—t d(v)
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X _ 1 h 2
where I3, .., = 157 2jes, 196(h;,Co) — hj|l3 is the em-
pirical meta-learning loss.

Next, we analyze the theoretical guarantee of causal invari-
ance. We establish the connection between causal invariance
loss and clustering structure invariance based on the follow-
ing theorem.

Theorem 3.2. Let the causal invariance loss Le.q, =
EiEﬁ,Wﬂ(.‘mi)[DKL(quqECf))] < €., where q; is the fac-

tual clustering assignment and q(.cf )

,  is the counterfactual
clustering assignment. If the intervention distribution 7
satisfies that for any factual mask m and target mask m’,
there exists a finite-length intervention chain m = m(©®) —
m® — ... - mY = m’ where each step m®) —
m*Y) has transition probability T(m{+Dm®) > 0,
then the clustering assignment function is e-invariant:

e< vV 265 . Em,m’Np(M) [L(l’l’l, m')], (19)

where L(m, m’) is the shortest intervention chain length
from m to m’.

Due to space constraints, detailed proofs of the above theo-
rems are provided in the Appendix A.

4. Experiments

To validate the effectiveness of CIMLN, we conduct exten-
sive experiments to answer the following questions: (Q1)
Does CIMLN outperform current state-of-the-art methods
in clustering performance on widely used datasets? (Q2) Do
context-aware meta-generation and causal-invariant struc-
ture learning modules positively contribute to performance?
(Q3) Can CIMLN recover high-quality representations of
missing views? (Q4) How do the main hyperparameters
affect CIMLN’s performance?

4.1. Experimental Settings
4.1.1. DATASETS AND IMPLEMENTATION DETAILS

To thoroughly evaluate the effectiveness of the proposed
CIMLN, we conduct experiments on eight widely used
multi-view benchmark datasets, including CUB, Caltech,
HandWritten, CiteSeer, Scene-15, Reuters, YouTubeFace20,
and FashionMNIST. The detailed statistics of these datasets
(e.g., the number of samples, clusters, views, and feature
dimensionalities) are summarized in Table 2. In our experi-
ments, the average missing rate (AMR) is set to 0.5. More
details can be found in the Appendix B.

In experiments, we evaluate clustering performance using
the three most common metrics for deep multi-view clus-
tering, namely ACC, NMI, and ARI. Our model is imple-
mented based on PyTorch 2.1.0 and trained on a desktop

computer configured with NVIDIA GeForce RTX 3090 and
64G RAM.

4.1.2. COMPARED METHODS

To demonstrate the performance of our proposed CIMLN,
we compare it with twelve representative methods for in-
complete multi-view clustering, including GP-MVC (Wang
et al., 2021), DCP (Lin et al., 2022), DSIMVC (Tang &
Liu, 2022), SURE (Yang et al., 2022), APADC (Xu et al.,
2023), SMILE (Zeng et al., 2023), DIVIDE (Lu et al., 2024),
DVIMC (Xu et al., 2024), PMIMC (Yuan et al., 2025),
CPMN (Wang et al., 2025b), ESFMC (Chen et al., 2025b),
and FIMCFG (Chao et al., 2025). For a fair comparison, all
baselines are adapted to our experimental setting (i.e., the
unbalanced missingness protocol) by following their origi-
nal implementations and applying consistent preprocessing
and missing-pattern generation.

4.2. Comparative Results Analysis (Q1)

We report the clustering results on eight multi-view bench-
mark datasets in Table 1, evaluated by three classic metrics.
We compare our proposed CIMLN with twelve representa-
tive deep incomplete multi-view clustering methods, cover-
ing both recovery-based and recovery-free paradigms. From
the results, we have the following observations:

¢ Overall superiority and consistent improvements.
CIMLN achieves the best performance on all datasets
in terms of ACC, demonstrating strong robustness un-
der unbalanced missingness. Specifically, CIMLN im-
proves the second-best method by 0.21%—4.62% points
in ACC across datasets . Similar trends are observed
for ARI, where CIMLN yields notable margins on
challenging datasets, such as 4.71 on CiteSeer, 4.30 on
YouTubeFace20, and 6.39 on FashionMNIST, indicat-
ing more reliable cluster assignments.

* More pronounced gains on bias-sensitive datasets.
The advantages are particularly evident on datasets
that are more vulnerable to observation-pattern bias.
On CiteSeer, CIMLN achieves 56.55/31.93/27.95
(ACC/NMI/ARI), surpassing the strongest competi-
tor by 4.62/4.01/4.71. This suggests that construct-
ing counterfactual observations and enforcing causal-
invariant consistency effectively mitigates spurious re-
liance on low-missing-rate views, thereby preserving
clustering structure across varying observation patterns.
On the large-scale YouTubeFace20, CIMLN further at-
tains 76.74 ACC and 72.10 ARI, outperforming the
best baseline by 2.32 and 4.30, respectively, which
also reflects good scalability. We note that on Reuters,
CIMLN remains the best in ACC/ARI while being
slightly below the best method in NMI (by 0.21), im-
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Table 1. : Clustering performance across eight multi-view benchmark datasets. The most outstanding results are denoted in bold, while
the second-best values are underlined. The Average Missing Rate AM R = 0.5.

Methods Datasets
CUB Caltech HandWritten CiteSeer Scene-15 Reuters YouTubeFace20 FashionMNIST
ACC(%)
GP-MVC 40.67 59.64 69.55 23.28 29.59 27.48 45.35 31.51
DCP 46.66 64.42 74.20 39.89 38.53 40.19 57.62 37.44
DSIMVC 45.67 63.61 71.29 33.76 25.89 39.19 54.95 35.53
SURE 53.80 77.22 72.40 32.61 39.14 40.44 52.96 40.82
APADC 39.50 67.82 68.34 37.44 33.10 36.80 51.13 38.66
SMILE 52.34 73.36 71.05 41.73 23.14 42.39 67.91 45.31
DIVIDE 58.26 81.57 75.45 43.36 37.73 40.90 68.92 49.18
DVIMC 47.83 83.00 80.57 35.08 33.29 36.08 59.37 50.78
PMIMC 53.27 83.64 86.80 44.19 40.58 38.26 72.52 55.80
CPMN 61.00 75.64 78.60 48.47 38.21 40.04 70.43 53.83
ESFMC 60.67 77.89 87.40 49.38 36.34 45.96 67.97 45.27
FIMCFG 62.17 82.29 86.65 51.93 40.00 48.08 74.42 51.89
CIMLN 62.83 83.93 90.30 56.55 41.29 48.29 76.74 56.33
NMI(%)
GP-MVC 47.04 46.89 61.80 13.96 30.89 12.39 58.39 26.39
DCP 54.89 51.79 72.34 20.64 40.56 21.64 60.50 36.42
DSIMVC 41.26 55.21 69.63 11.59 25.74 16.51 62.20 30.68
SURE 46.67 65.99 73.62 15.18 41.60 22.40 62.12 37.88
APADC 36.33 63.92 66.67 23.96 32.35 20.14 47.44 34.14
SMILE 48.09 64.38 65.30 25.34 22.72 23.78 73.86 54.67
DIVIDE 50.84 71.45 61.56 25.54 41.37 21.62 75.34 53.40
DVIMC 50.66 70.98 78.47 15.17 34.14 22.32 67.44 60.51
PMIMC 52.71 72.36 79.47 24.69 41.71 15.32 79.83 59.08
CPMN 59.57 69.12 63.91 21.67 39.55 18.28 80.59 56.58
ESFMC 58.28 67.89 80.40 27.92 36.11 21.29 77.64 53.06
FIMCFG 60.17 70.98 80.82 27.19 39.84 24.09 81.46 57.72
CIMLN 63.96 73.39 82.13 31.93 42.54 23.88 81.70 61.44
ARI(%)
GP-MVC 26.18 35.07 51.41 5.47 14.69 8.65 31.85 19.47
DCP 26.53 34.68 59.83 9.74 21.72 14.42 47.48 24.82
DSIMVC 25.79 43.20 57.58 8.96 12.34 14.79 45.56 25.05
SURE 33.14 60.08 62.19 8.76 22.87 10.59 41.50 27.21
APADC 24.10 54.23 55.79 11.97 17.81 15.08 37.39 24.13
SMILE 34.23 57.79 55.07 15.76 10.13 15.43 60.68 34.10
DIVIDE 36.82 59.20 52.02 14.00 23.12 15.81 60.50 30.45
DVIMC 34.08 67.88 71.15 9.71 13.43 10.65 45.85 37.69
PMIMC 36.79 68.80 75.02 13.47 23.36 14.90 69.48 37.16
CPMN 41.13 62.83 59.40 18.75 22.47 17.07 65.69 30.71
ESFMC 43.13 61.15 78.60 19.61 21.85 16.82 62.51 28.31
FIMCFG 45.38 66.89 75.02 23.24 20.45 17.66 67.80 35.67
CIMLN 46.44 69.11 79.97 27.95 24.15 18.14 72.10 44.08

Table 2. Incomplete multi-view datasets in experiments.

Dataset Samples Clusters  Views Dimensionality
CUB 600 10 2 1024/300
Caltech 1400 7 5 1984/512/928/254/40
HandWritten 2000 10 6 216/76/64/6/240/47
CiteSeer 3312 6 4 3703/3312/3312/3312
Scene-15 4485 15 3 20/59/40
Reuters 18758 6 5 10/10/10/10/10
YouTubeFace20 63896 20 4 944/576/512/640
FashionMNIST 70000 10 4 944/576/512/640

plying that the gain can be relatively smaller when
intrinsic representations are already strong.

4.3. Ablation study (Q2)

We conduct ablation studies on eight benchmark datasets
and report the results of three clustering metrics in Figure
3. We compare four configurations: removing all mod-
ules (None), using only the Context-aware Meta-generation
Module (Only CM), using only the Causal-invariant Struc-
ture Learning Module (Only CSL), and the full model with
both modules (Both). Overall, Both achieves the best per-
formance on almost all datasets and metrics, indicating
that CM and CSL are complementary. Compared with
None, Only CM yields consistent improvements, suggest-
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~=e— None ~e— None

—e— Only CM —e— Only CM
—e— Only CSL|| J —e— Only CSL|| ;

—e— Both —e— Both

HandWritten

(a) ACC on all datasets.

(b) NMI on all datasets.

Caltech Caltech

—e— None
—e— Only CM
—e— Only CSL|| £

—e— Both

HandWritten HandWritten

(c) ARI on all datasets.

Figure 3. The ablation results of CM and CSL modules on all datasets.

ing that context-aware meta-generation learns transferable
cross-view relations from limited complete samples and
alleviates the generalization difficulty of view recovery un-
der unbalanced missingness. Only CSL also significantly
outperforms None, implying that constructing counterfac-
tual observations and enforcing causal-invariant consistency
effectively suppresses observation bias induced by missing-
ness patterns and reduces spurious reliance on low-missing-
rate views. Furthermore, Both typically outperforms ei-
ther single-module variant, demonstrating that unbalanced
incomplete multi-view clustering requires jointly address-
ing generalizable view recovery and observation-pattern-
invariant clustering structure.

4.4. Visualization of Recovery Effect (Q3)

To verify whether CIMLN can effectively reduce the dis-
crepancy between recovered features and the underlying
complete features under unbalanced missingness, we per-
form t-SNE visualization on the HandWritten dataset with
an average missing rate of 0.5, as shown in Fig. 4. In
the visualization, blue points denote samples with missing
views (recovered features), while red points denote samples
with complete views. As observed in Fig. 4a, the raw fea-
tures exhibit an evident distribution gap between incomplete
and complete samples, indicating that missingness induces
notable representation shift. After recovery (Fig. 4b), the
recovered samples become much better aligned with the
complete ones within each cluster, and the gap is signifi-
cantly reduced. These results suggest that CIMLN learns
transferable cross-view associations and produces more con-
sistent representations for incomplete samples, supporting
its effectiveness in mitigating observation bias and improv-
ing clustering under unbalanced missingness.

4.5. Parameter Sensitivity Analysis (Q4)

We conduct experiments on HandWritten and CUB to study
the sensitivity of CIMLN to the trade-off parameters A; and
A2. We vary A1, A2 € {0.001,0.01,0.1,1, 10} and report
ACC in Fig. 5. As shown in Fig. 5a, CIMLN achieves

(a) Raw features. (b) After recovery.

Figure 4. Visualization of the discrepancy between the recovered
data and the ground truth on the HandWritten dataset, before and
after training, under a average missing rate of 0.5.

consistently high performance on HandWritten across a
broad range of settings, indicating low sensitivity. On CUB
(Fig. 5b), the performance fluctuates more under extreme
values, but remains stable and competitive for most combi-
nations. Overall, CIMLN is robust to A\; and \,, requiring
no delicate tuning in practice.

L 0.900 0.650
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(a) ACC on HandWritten dataset.  (b) ACC on CUB dataset.

Figure 5. The ACC values yielded by the CIMLN method with
different A1 and A2 combinations on CUB and HandWritten.

5. Conclusion

This paper proposes a causal-invariant meta-learning net-
work to address the observation bias problem in unbalanced
incomplete multi-view clustering. CIMLN innovatively in-
tegrates meta-learning and causal inference paradigms. The
CM module learns transferable generative meta-knowledge
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from scarce paired data for high-quality missing view recov-
ery. The CSL module constructs counterfactual scenarios
to eliminate the erroneous dependence of clustering on ob-
servation patterns. Through deep synergy between these
two modules, CIMLN effectively alleviates observation bias.
Experiments demonstrate superior performance of CIMLN
in recovery fidelity and clustering tasks.
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A. Theoretical Analysis and Proofs

This section provides a theoretical analysis of the applicability of CIMLN under the unbalanced missingness setting and
establishes rigorous mathematical guarantees. We define the observation rate of view v as p’ = +; Zi\;l my, where m;
indicates whether the i-th sample is observed in view v. The degree of unbalanced missingness is quantified by the variance

: 2 _ 1 |4 v \2 -1 \% » _ .
of the observation rates, 0, = 3» Dot (p — p) P = v 2 u—1 P’ Where p denotes the average observation rate across all
views. A larger 012) indicates more severe unbalanced missingness.

A.1. Generalization Error Bound of the Meta-Generator

We first analyze the generalization ability of the meta-generator on views with high missing rates.

Assumption A.1 (Boundedness). The latent representation space H C R? is bounded, i.e., for all h € H, ||h||» < R. We
define the diameter of the latent space as
Dy, = sup ||h—h|2 <2R. (20)
h,h'eH

Assumption A.2 (Lipschitz Continuity). The meta-generator Gy is Lg-Lipschitz continuous with respect to its input, i.e.,
forallh,h/ € H,
|Go(h,C) — Go(W',C)||, < La [[h — b2 21

Definition A.3 (View-Conditional Distribution Discrepancy). For view v, we define the conditional distribution discrepancy
between the complete-sample set S, and the full dataset D in terms of the total variation distance as

i) = sup Drv(ps,(h” |h =h), pp(h” | h =h)). (22)
S

Theorem A.4 (Meta-Learning Generalization Error Bound). Let the meta-generator Gy belong to a hypothesis class G
with empirical Rademacher complexity Rs_|(G). Under Assumptions (A.1, A.2), for any view v and any é € (0, 1), with
probability at least 1 — §, the expected generation error of the meta-generator over the full dataset satisfies

_ o2 Alw . 21og(2/9) v
E gy | [190(B,C) = B7[3] < £0), + 4D, Fys, (G) + D}, —5 Tiok diy. (23)
Here, )
A~ — v 2
L0 = 5 > |IGe(hy,C.) = hY|[5, (24)
cljes.
which denotes the empirical meta-learning loss.
Proof. Define the loss function
hh v I vl[2
lo(h,h?) = ||Go(h,C,) — h|. (25)
By Assumption A.1, the loss is bounded: -
0 < fy(h,h") < D3,. (26)

Step 1: Generalization bound under the complete-sample distribution. Let the expected risk under the complete-sample
distribution be Rs_(0) = E,_[{y], and the empirical risk be Res.(0) = £

meta- BY the standard Rademacher-complexity
generalization bound, for any ¢ € (0, 1), with probability at least 1 — 4,

Rs.(0) < Rs.(0) + 2Rs, (L0 G) + D 210g(2/9) 27)

’ Sl

Since £y is 2D-Lipschitz with respect to the output of Gy (because |||al|3 — ||b||3| < 2D«||a — b||2), the contraction
property for Rademacher complexity yields

Ris.|(£0G) < 2Dy Ris, (). (28)
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Substituting the above inequality gives

A . 21og(2/0)

Rs.(0) < ﬁmﬁd+4D;9y&mg)+lﬁ{ 5. (29)

Step 2: Effect of distribution shift. Define the expected risk over the full dataset as Rp(#) = E,, [¢y]. The error induced
by distribution shift can be bounded as

R (6) - Rs.(0)] = ] [} om0 (po(h 1)  po. (1) ) bt (30)

Using the conditional factorization p(h, h”) = p(h* | h) p(h), and assuming the marginal distributions are close, pp(h) ~
ps, (h) (which holds when the complete-sample set is sufficiently large), we obtain

Rop(8) — R, (0)] < /H p(h)’ /H to(h0) (po(h” [ B) — ps, (b | B)) d* | b 31)

By the definition of total variation distance and the boundedness of the loss, the above term is further bounded by

IRp(0) — R, (0)] < 4D2,d%. (32)

Step 3: Combining the two parts. Combining Step 1 and Step 2 yields
Ro(6) < Rs, (6) +4D% dy,

21log(2/0)

A +4D3,d). (33)

< ‘Cgeta + 4D72-L sARlScl(g) + D72-l

This completes the proof. O

Remark A.5. Theorem A.4 indicates that the generalization error of the meta-generator consists of four components: the
empirical risk, the model complexity term, the sampling error, and the distribution-shift term. Even when the observation
rate p¥ of view v is low, effective generalization guarantees can still be obtained provided that the complete-sample set

size |S,| is sufficiently large and the distribution discrepancy d%), is bounded. Moreover, the contextual information C,,, by
capturing global second-order statistics, helps reduce the conditional distribution discrepancy dSF\),

A.2. Theoretical Guarantee of Causal Invariance

We establish a theoretical connection between the causal-invariance loss and the invariance of the clustering structure.

Definition A.6 (Observation-Pattern Invariance of Cluster Assignments). A clustering assignment function C is said to

be e-invariant with respect to the observation pattern M if, for any sample ¢ and any feasible pair of observation patterns
!/

(m, m’),

Drv(a™,a™) <, (34)
where qgm) = [qffn ), e 7q§1n(1)] " denotes the cluster-assignment probability vector of sample ¢ under pattern m, and
Drv(p,q) Z P — ar| (35)

is the total variation distance.

Lemma A.7 (Pinsker’s Inequality). For any two probability distributions p and q,

1
Drv(p,q) < §DKL(P | q)- (36)
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Theorem A.8 (Causal-Invariance Loss Implies Clustering Invariance). Suppose the causal-invariance loss satisfies
f
Leausal = E; Eﬁrl¢~7r(»|mi) [DKL (Qi H qz(‘c ))] < €, (37)

. £ .
where q; denotes the factual cluster assignment and qgc ) denotes the counterfactual cluster assignment. Assume the
intervention distribution m satisfies the following connectivity condition: for any factual mask m and any target mask m’,
there exists a finite-length intervention chain

m:m(o) _>m(1) _>_>m(L) :IIII7 (38)

such that each transition has positive probability, i.e., w(m(l‘H) | m(l)) > 0 for all l. Then the clustering assignment
function is e-invariant, with
€ < V2 Em, m’~p(M) [L(ma m/)]7 (39)

where L(m, m') denotes the length of the shortest intervention chain from m to m’.

Proof. Step 1: A total-variation bound for one-step interventions. For a one-step intervention m — m, by the definition
of the causal-invariance loss,

Ei st | Dice (o™ ™) < ec. (40)

By Pinsker’s inequality and Jensen’s inequality (since /- is concave),

m m 1 m m
Ei,m{DTv(qg ),qE ))} <Ei,m[\/2DKL(QE )HQ§ ))]

]. m m €c
g\/QEi,m[DKL(qE Na™)| <4/5 (41

A tighter bound can be obtained by applying Pinsker’s inequality directly to the (expected) KL divergence, yielding

Ei,m | Drv(a™,q(™)] < v2e. 42)

Step 2: Accumulation over multi-step intervention chains. For an intervention chain from m to m’, m = m(® —

m® — ... » m) = m/, the triangle inequality of total variation distance gives
L-1
Drv(a™,a™) < 3 Doy (@™, ™). (43)
1=0
Taking expectations on both sides yields
L-1
E; [DTv (qu),qﬁm'))} <M E {DTv(qgm“U’ qgm(l+1)))} < LV (44)
1=0

Step 3: Averaging over all mask pairs. Averaging over all feasible mask pairs (m, m’) gives
B, o Ei [Drv (™, 6™) | < B [L(m0,m)] v/ 2ec. (45)

By Definition 2, e-invariance requires the above bound to hold uniformly over (m, m’), hence
€ < V2 Em, m [L(m, m')]. (46)
This completes the proof. O

Remark A.9. Theorem 2 establishes a quantitative relationship between the causal-invariance loss €. and the clustering
invariance level €. As e, — 0, we have ¢ — 0, implying that the cluster assignments become fully invariant to observation
patterns. The shortest intervention-chain length L(m, m’) depends on the design of the intervention policy; under our
random masking strategy, one has L(m, m’) < V' (at most V' views need to be masked).
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B. Experimental Details
B.1. Datasets

CUB! is a bird classification dataset using the first 10 categories, with two views: GoogLeNet(Szegedy et al., 2015) deep
visual features and doc2vec(Le & Mikolov, 2014) textual representations.

Caltech(Xu et al., 2022) is an object image dataset with 1,400 samples from 7 categories, using five views extracted by
different deep backbones: 1,984-dim features from VGG16, 512-dim from ResNet50, 928-dim from GoogLeNet, 254-dim
from InceptionV3, and 40-dim from handcrafted Gabor features.

HandWritten” includes digits 0’ to *9’, with 200 samples per class, using six views: profile correlations, Fourier coefficients,
Karhunen-Loeve coefficients, morphological, pixel features, and Zernike moments.

CiteSeer” is a graph dataset with 3,312 samples in 6 categories. We use cites, content, inbound, and outbound as four view
features instead of the adjacency graph.

Scene-15(Zhang et al., 2017) is a scene recognition dataset with 4,485 images from 15 categories, using three views: 20-dim
GIST descriptors, 59-dim PHOG features, and 40-dim LBP features.

Reuters? is a text dataset with 18,758 samples in 6 categories, using documents in German, English, French, Italian, and
Spanish as views.

YouTubeFace20(Huang et al., 2023) contains 20 person categories with 38,654 samples, using features from video frames:
LBP, HOG, GIST, and Gabor.

FashionMNIST? is a clothing image dataset with 70,000 samples from 10 categories. Following common multi-view
settings, we construct four views using deep features extracted by different CNN backbones, yielding 944/576/512/640-
dimensional representations, respectively.

B.2. Compared Methods
We compare CIMLN with twelve representative incomplete multi-view clustering methods.

GP-MVC (Wang et al., 2021) adopts a CycleGAN-style framework to synthesize missing views via cycle-consistent
cross-view generation.

DCP (Lin et al., 2022) learns consistent representations by jointly maximizing mutual information and minimizing a
dual-view prediction loss based on cross-entropy.

DSIMVC (Tang & Liu, 2022) performs deep incomplete multi-view clustering by learning view-consistent latent represen-
tations and leveraging similarity/structure constraints to bridge missing views.

SURE (Yang et al., 2022) designs a noise-robust contrastive objective to alleviate the impact of false negatives in incomplete
multi-view representation learning.

APADC (Xu et al., 2023) proposes an imputation-free alignment strategy that matches multi-view distributions in a shared
latent space for clustering.

SMILE (Zeng et al., 2023) captures view-invariant semantic distributions without requiring paired samples, enabling
clustering under incomplete correspondence.

DIVIDE (Lu et al., 2024) reduces false negatives by using high-order random walks to identify reliable in-cluster neighbors
for contrastive learning.

DVIMC (Xu et al., 2024) avoids explicit recovery by optimizing per-view embeddings with an EM-like procedure to infer
clustering assignments.

"http://www.vision.caltech.edu/visipedia/CUB-200.html
2https://archive.ics.uci.edu/ml/datasets/Multiple+Features
3https://lings-data.soe.ucsc.edu/public/Ibc/citeseer.tgz
*https://archive.ics.uci.edu/ml/datasets.html
Shttps://github.com/zalandoresearch/fashion-mnist
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Table 3. AMR settings under different numbers of views. In our experiments, the average missing rate (AMR) is set to 0.5.

view number | viewl view2 view3 view4 view5 view6
2 1xXAMR 0xAMR - - - -
3 IXAMR  0.5xAMR 0xAMR - - -
4 IXAMR 0.75xAMR  0.25xAMR 0xAMR - -
5 IXAMR 0.75xAMR  0.5xAMR  0.25xAMR  0xAMR -
6 IXxAMR 0.8xAMR  0.6xAMR  0.4xAMR 0.2xAMR 0xAMR

PMIMC (Yuan et al., 2025) introduces prototype-level regularization to align incomplete views, encouraging samples to
agree on shared cluster prototypes.

CPMN (Wang et al., 2025b) learns cross-view completion through a pretraining-and-matching scheme, where missing
views are reconstructed to preserve clustering structure.

ESFMC (Chen et al., 2025b) enhances incomplete multi-view clustering by selectively fusing reliable semantic information
across views and suppressing noisy/inconsistent cues.

FIMCEFG (Chao et al., 2025) studies incomplete multi-view clustering in a federated setting and proposes a collaborative
optimization strategy to handle view-missing data across clients.

B.3. Data preprocessing

To simulate unbalanced incomplete multi-view data, we follow a controlled missing-rate protocol based on the average
missing rate (AMR). Given an AMR value, we assign each view a view-specific missing rate as a fixed proportion of AMR,
so that different views have distinct missingness levels while their overall average is governed by AMR. Table 3 summarizes
the adopted missing-rate multipliers under different numbers of views. Specifically, for 3 views, the missing rates are
setto 1 x AMR, 0.5 x AMR, and 0 x AMR;; For 6 views, they are 1 x AMR, 0.8 x AMR, 0.6 x AMR, 0.4 x AMR,
0.2 x AMR, and 0 x AMR. In our experiments, we set AMR = 0.5, and the corresponding view-wise missing rates are
obtained accordingly. This unbalanced design makes low-missing-rate views more dominant and induces observation bias,
which matches our problem setting.

B.4. Additional ablation results.

To provide exact numbers for reproducibility, Table 4 reports the numerical ACC/NMI/ARI results corresponding to
“Ablation study (Q2)” under AMR= (.5, using the same four variants (Without, Only L, ¢4, Only L 4., and Both).

B.5. Parameter Sensitivity Analysis.

Parameter Sensitivity Analysis. To further examine the robustness of CIMLN to the trade-off hyperparameters, we conduct
a sensitivity study on six datasets (Caltech, CiteSeer, FashionMNIST, Reuters, Scene-15, and YouTubeFace20). Fig. 6
visualizes the clustering performance (ACC) under different A\;—\5 combinations, where A\; and Ay control the relative
strengths of the major objectives in CIMLN.

Overall, the ACC surfaces are smooth on most datasets and remain at a high level over a broad range of settings, indicating
that CIMLN is not overly sensitive to A; and Ao. In particular, Caltech and YouTubeFace20 exhibit relatively stable
performance across many combinations, suggesting that the proposed objective can be optimized reliably without delicate
tuning. On CiteSeer, Reuters, and Scene-15, larger fluctuations mainly occur at extreme values of \; or Ay, while moderate
settings consistently yield competitive results. This behavior is expected in unbalanced incomplete multi-view clustering,
where overly emphasizing a single term may weaken either the generalizability of view recovery or the invariance to
observation patterns. In practice, choosing \; and A, from a moderate range (e.g., 1072 to 1) generally provides stable
performance across datasets.
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Model Datasets
Caltech CiteSeer CUB  FashionMNIST HandWritten Reuters Scene-15 YouTubeFace20

ACC

Without 0.3664 0.2953  0.4150 0.2696 0.4925 0.2511 0.2497 0.3564

Only Lyetqa  0.8229 0.5405 0.5667 0.5223 0.8770 0.3520 0.3837 0.7364

Only Lqq 0.7336 0.5571  0.5667 0.5298 0.7100 0.4753 0.3237 0.7232

Both 0.8393 0.5655 0.6283 0.5633 0.9030 0.4829 0.4129 0.7674
NMI

Without 0.2678 0.0777  0.5030 0.2972 0.4648 0.0142 0.2936 0.4479

Only Leta 0.7181 0.2759  0.6155 0.6088 0.8016 0.1412 0.3981 0.7916

Only Lqq 0.6423 0.3126  0.6036 0.5844 0.6939 0.2365 0.3591 0.7899

Both 0.7339 0.3193  0.6396 0.6144 0.8213 0.2388 0.4254 0.8170
ARI

Without 0.1757 0.0505 0.2791 0.1482 0.2546 0.0172 0.1317 0.2356

Only Lyetq  0.6687 0.2328  0.4347 0.4189 0.7580 0.1189 0.2209 0.6955

Only L 0.5709 0.2706  0.4082 0.4160 0.5948 0.1772 0.1861 0.6741

Both 0.6911 0.2795 0.4644 0.4408 0.7997 0.1814 0.2415 0.7210

Table 4. Ablation study of different loss components on eight datasets. We report ACC/NMI/ARI, and the best results are highlighted in
bold. The average missing rate AMR=0.5.
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Figure 6. Parameter sensitivity analysis of CIMLN on six datasets (ACC under different A\;—A2 combinations).
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