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Abstract

Multi-view clustering leverages complementary representa-
tions from diverse sources to enhance performance. How-
ever, real-world data often suffer incomplete cases due to
factors like privacy concerns and device malfunctions. A
key challenge is effectively utilizing available instances to
recover missing views. Existing methods frequently over-
look the heterogeneity among views during recovery, lead-
ing to significant distribution discrepancies between recov-
ered and true data. Additionally, many approaches focus on
cross-view correlations, neglecting insights from intra-view
reliable structure and cross-view clustering structure. To
addpress these issues, we propose BURG, a novel method for
incomplete multi-view clustering with distriBution dUal-
consistency Recovery Guidance. We treat each sample as a
distinct category and perform cross-view distribution trans-
fer to predict the distribution space of missing views. To
compensate for the lack of reliable category information, we
design a dual-consistency guided recovery strategy that in-
cludes intra-view alignment guided by neighbor-aware con-
sistency and cross-view alignment guided by prototypical
consistency. Extensive experiments on benchmarks demon-
strate the superiority of BURG in the incomplete multi-view
scenario.

1. Introduction

In today’s data-driven research landscape, multi-view
clustering([5, 6, 9, 22, 40, 47, 51] aims to integrate informa-
tion from different perspectives in an unsupervised manner,
enhancing the predictive capability of the model[23, 29].
However, in real-world scenarios, multi-view data is of-
ten incomplete due to high acquisition costs or privacy
concerns[30, 37, 44, 53]. The missing information may
hinder the discovery of underlying patterns and structures
within the data, leading to inaccurate or unstable clustering.
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Figure 1. Basic idea of cross-view distribution transfer recovery.
The consistent distribution obtained from the complete views is
transferred to the missing views using view-specific flow models.
The recovered representation is then input into the view-specific
decoder to generate the recovered data.

Therefore, the key to addressing this issue lies in how to
utilize the available views to reasonably impute the miss-
ing ones[28, 32, 43], thereby restoring the integrity of the
data and maintaining the natural alignment of multi-view
data[21, 25, 30].

Currently, most mainstream deep incomplete multi-view
clustering (DIMVC) methods first impute the missing in-
stances in each view, and then perform clustering based on
the complete and recovered views. These methods are com-
monly referred to as recovery-based DIMVC and can be
broadly categorized into three types based on the recovery
paradigm: GAN-based[39], graph-structured[4, 41], and in-
formation entropy-based methods[26, 27].

However, existing recovery-based methods often assume
that all views are similar in the feature space or can be
directly mapped to the same feature space. This perspec-
tive overlooks the fact that different views may exhibit di-
verse feature distributions and data characteristics due to
their varied sources, which is commonly referred to as the
heterogeneity between views. Furthermore, these methods
treat the recovery of missing view instances as independent
across samples. While this paradigm may be suitable for
tasks that seek one-to-one correspondences, the learned rep-
resentations are not optimal for clustering, as the goal is to
map N representations into K clusters. In other words, dur-



ing the training process, these methods neglect the valuable
guidance that various consistency structures—both within
and across views—can provide for clustering.

Unlike previous methods for recovering missing data, we
propose a deep incomplete multi-view clustering method
with distriBution dUal-consistency Recovery Guidance,
abbreviated as BURG, to mitigate the large discrepancy be-
tween the data recovered from complete views and the true
data. The approximate recovery process for missing in-
stances is outlined in Fig. 1.

First, the complete views of each sample are processed
through view-specific encoders and flow models to obtain
representations that follow a prior distribution, which are
then fused to form a consistent latent distribution. Finally,
this representation undergoes the reverse process of the flow
model corresponding to the view with missing instances, fa-
cilitating cross-view distribution transfer to recover the rep-
resentation of the missing view. Specifically, due to the lack
of manual annotations in an unsupervised setting, we ini-
tially treat each sample as independent and map its com-
plete view features into a latent space that follows a Gaus-
sian distribution through the forward process of the flow
model. By leveraging the flow model’s ability to explicitly
measure distributional discrepancies, we minimize the gap
between views, ensuring that the generated data is realistic
and reliable. Additionally, without guidance from cluster-
ing structure information during recovery, the learned fea-
tures may lack distinguishability. To address this, we in-
troduce a dual consistency strategy to guide the recovery
process: neighbor-aware consistency and prototypical con-
sistency. These ensure the alignment process’s reliability by
enforcing consistency in cross-view neighbors and cluster-
ing assignments, respectively, enhancing the structural and
clustering information within the features.

Further details of the proposed BURG are shown in
Fig. 2. The overall model framework is broadly divided
into three modules: multi-view feature extraction (MFE),
distribution transfer learning (DTL), and dual-consistency
guided recovery (DGR). We summarize the major contribu-
tions of our work as follows,

L]

We acknowledge the limitation of existing recovery-
based DIMVC methods that neglect inter-view hetero-
geneity. In our proposed BURG, we employ a flow-
based cross-view distribution transfer, which enables pre-
cise distribution transfer from observable views to miss-
ing views, thus minimizing the gap between the recovered
and true data.

We design a dual consistency strategy to guide both the
data recovery process and representation learning. This
strategy enriches the learned features with structural and
clustering information, enhancing their discriminability
and benefiting subsequent clustering tasks.

Extensive experiments demonstrate the superiority of
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the proposed view-specific flow model-based distribution
transfer recovery method, as well as the effectiveness of
the dual consistency strategy.

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

Deep neural networks[2, 13, 20] enhance clustering perfor-
mance by effectively modeling associations across views|3,
12, 24, 33, 36, 52], and various methods for deep incom-
plete multi-view clustering utilize this capability to tackle
incomplete data. DIMVC methods can be classified into
two main categories based on how they handle missing data:
recovery-free and recovery-based approaches.

(1) Recovery-free methods learn representations solely
from observable multi-view data, avoiding the complexi-
ties of imputing missing data.[10, 38, 49]. APADC[48] in-
troduces an adaptive feature projection to bypass filling in
missing data. DVIMC[45] employs the Product-of-Experts
approach with consistency constraints to mitigate inter-view
information imbalance, achieving a VAE-based recovery-
free clustering method.

(2) Recovery-based methods focus on recovering miss-
ing data or its representations to mitigate the impact of
incomplete data on clustering. These methods can be di-
vided into three categories: i) GAN-based methods, which
use adversarial strategies to ensure generated data in miss-
ing views approximates observed data, such as CPM-
Nets[55] and GP-MVC[39]. ii) Graph-structured meth-
ods, like CRTC[41], SPCC[8] and ICMVC[4], transfer
graph structures from complete views to fill in missing
data. iii) Information entropy-based methods, including
COMPLETER[26] and its variant DCP[27], minimize con-
ditional entropy through dual prediction to recover missing
data. DIVIDE[31] follows a similar principle, using cross-
view decoders to recover samples across views.

2.2. Normalizing Flow Model

Unlike generative models like GANs[11], Normalizing
Flows[7, 16] explicitly model the probability distribution
of data, allowing for precise likelihood estimation. Flow-
based generative models map complex data distributions
to simpler ones, such as Gaussian or logistic distributions,
through a series of invertible and differentiable transforma-
tions. In practical applications, Normalizing Flow is widely
used in areas such as image and text generation[ | ], anomaly
detection[14] and image restoration[42].

Mathematically, let z ~ pz(z) be a latent variable that
obeys a simple distribution, and x is a complex data sample.
A flow model defines a reversible transformation from z to
x via a mapping function F'. Using the variable transforma-
tion formula, the probability distribution p(x) of x can be
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Figure 2. The framework of BURG. We use three views as an example, where the first and second views are complete, while the third
is missing. As shown, BURG consists of a joint optimization of three modules: multi-view feature extraction(MFE), distribution transfer
learning(DTL), and dual-consistency guided recovery(DGR). The two types of consistency are neighbor-aware and prototypical consis-
tency. In DTL, the common embedding H is formed by combining H' and H?, which are obtained through view-specific forward flows.
Subsequently, H is passed through reverse flow (F®)™' to generate the latent representation Z? of the missing view. Furthermore, DGR
provides essential local intra-view structure and global inter-view clustering structure throughout the training process to ensure the dis-

criminability of the recovered representation.

expressed as follows,

F~(x)

px(x) = p2(F(x)) i

det< )‘ (1)

where F~1 represents the inverse transformation, and

AF 1 (x)
det “ox

trix of the inverse transformation.

Flow-based models are highly promising for IMVC be-
cause they can model complex distributions while provid-
ing precise likelihood estimates. By using invertible trans-
formations, flow network can learn dependencies between
different views and recover missing entries.

) denotes the determinant of the Jacobian ma-

3. Method

In this section, we will first sequentially introduce the three
modules in BURG, as shown in Fig. 2, and then present the
objective function and optimization process of the model.

Notations. We denote the multi-view data as {X*}"_;,
where V' is the number of views. Each view X"
{xy, x5, ,x%} € RNXd consists of N instances
with dimensionality d,. The set W = {w"}Y_, in-
dicate the presence of missing instances, where w"
{w¥, wy, - ,w¥} € RYN. Concretely,

» 1, if ¢-th sample is complete in v-th view
wy = .

P =, 2

otherwise

The encoder, decoder and flow network for v-th view are
denoted by E¥, D" and F'’, respectively.
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3.1. Multi-view Feature Extraction

3.1.1. Common and View-Specific Reconstruction

For the v-th view, the encoder-decoder pair £V and D" is
utilized to project different views into a common subspace,
with the resulting high-level representation denoted as Z".
The projection of encoder is expressed as EV(X?) : XV €
RNVxdv _y 7v ¢ RNXd and feature reconstruction of de-
coder is formulated as DV(Z") : Z° € RN*d — XV ¢
RNV *dv where d represents the dimension of the common
subspace.

To enhance recovery and alignment in the next modules,
we input both the view-specific and common representa-
tions into D" to reconstruct complete instances. The recon-
struction loss can be expressed as follows:

0= x — D@2+ Ixt — D@2, 3)
where the first and second terms correspond to decoding the
view-specific/common representation z! /z; of i-th sample,
coefficient w; ensures that reconstruction is performed only
on complete instances. The calculation for the two latent
representations in Eq. (3) are as follows,

2l = BY(x!), % =

“)

Based on Egs. (3) and (4), the information reduction during
the reconstruction process can be minimized, resulting in
effective subspace representations.



3.1.2. Flow-based Distribution Learning

This section formalizes the forward generation process of
the flow model, where the embedding z; obtained from the
encoder E is input into F" to produce a representation hy
that follows a standard Gaussian distribution, expressed as
h? « F?(zY) ~ N(0,I). Our flow-based generative net-
work F'V consists of M coupling layers and a scaling layer,
represented as F'¥ = f{' o f3 o--- o f}, os”. Unlike tradi-
tional Normalizing Flow, we incorporate affine transforma-
tions into each coupling layer to better adapt the model to
complex data distributions.

First, we split z¥ € R into two parts along its dimen-
sions, i.e., z} = [aT; bT}T. The output of the m-th affine
coupling layer is denoted as hY,, = [a,,;b,]T. The non-
linear transformation applied by the coupling layer varies
with the parity of m. Concretely,

a, 10 ese (bm—1) 4 t™(by,_1) s odd
bmfl ’
an| - -
RS -
- :m_l ,m is even
_am—l © esc ( mil) + t?(bm—l)_
)]

where s7'(-) and ¢7*(+) are the scaling and translation func-
tions within the coupling layer, and ® denotes element-wise
multiplication.

In flow model, Jacobian determinant of the distribution
transformation can be computed from the output of the cou-
pling layer. For the m-th coupling layer, the Jacobian matrix
Jm can be expressed in the following block form,

[diag(est (Pm-1)) - 2le(bmot)
zag(e ) b1 _m s odd
L 0 I
-
I 0 |
- o , M 18 even
% diag(es: (am-1)) m

(6)

The flow model incorporates a scaling layer after cou-

pling layers to control data scale and enhance expressive

capability. The transformation process of the scaling layer
is as follows,

hi = exp(s) © [an; byl

)

where s represents the learnable parameters of the scaling
layer. Additionally, the Jacobian determinant of the scaling
layer is simply the sum of the elements of sg.

According to the definition in Eq. (1), taking the log-
arithm of both sides yields the following log-likelihood of
the difference between the distributions before and after the
transformation,

log p(z}) = log p(h}) + log|det J|, (®)
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where |det J| is the sum of the products of the Jacobian de-
terminants of all coupling layers, along with the influence of
the scaling layer. In our model, we assume that the output
h? of the forward process of the flow model follows a stan-
dard Gaussian distribution. Substituting the corresponding
probability density function into Eq. (8)yields the following
expression,

1
logp(z}) = — 5 (dlog 2 + [hy|]3)
M

+ log |det Jg| + Z log |det Jy,| -

m=1

®)

Eq. (9) can explicitly and accurately describe the data
distribution, thereby facilitating an effective initialization
for our view-specific flow model.

3.2. Distribution Transfer Learning

As shown in Fig. 2, the main goal of DTL module is to
transfer the distribution of the common representation ob-
tained from the observable views to the missing view based
on the view-specific flow model. This enables the accurate
estimation of missing data representations that are highly
consistent with the real data.

Assuming that the v-th view instance of the i-th sample
is missing while the others are observable, the rough pro-
cess of recovering the missing representation z; from the
consistent embedding h;, which follows a standard Gaus-
sian distribution, through (FV)~! is as follows,

v
i, M

50U

v y—1 vy—1 vy—1
GRS g D g

h, (10)
where h; is derived from all available views of the i-th sam-
ple, denoted as {z¢ [v' = 1,--- ,V,v" # v}. The process
of obtaining the consistent distribution representation h; is
as follows,

,
1 / !

h;, = FY (z? NNO,I, 11
%V_ll}/};# (z!') ~N(0,I), (1)

based on the scaling properties of the mean vector and
covariance matrix of the Gaussian distribution, it can be
straightforwardly derived that h; still follows a standard
Gaussian distribution.

Therefore, the error in cross-view distribution transfer
within the DTL module can be quantified by the reconstruc-
tion loss between the recovered representation and the true
representation z;, which is formally expressed as follows,

NV Vo )
Lan=> > (H wf) [(F) 7 (hy) — 27 (12)
v'=1

i=1v=1
Fup ()~ log p(a}),



where the first loss term is used to minimize the error in
cross-view distribution transfer learning, while the second
term is aimed at preserving the multi-view feature extrac-
tion capability learned from the MFE module, thereby pre-
venting catastrophic forgetting in the deep model.

3.3. Dual-Consistency Guided Recovery

3.3.1. Neighbor-Aware Consistency

Heterogeneity is reflected in the feature distributions and
data characteristics between views, representing a global
property. In contrast, similarity between views manifests
in the local cross-view structure, representing a local neigh-
bor property. In this work, this local similarity is embod-
ied in the consistency of cross-view nearest neighbor rela-
tionships. When the v-th view of a sample is missing, we
transfer the nearest neighbor relationships from other views
to the v-th view, where the recovered representation z; re-
sides. The process of identifying cross-view nearest neigh-
bor relationships is as follows,

min
v'e{1,..,V}

vl v

o(QV(20),2Y), (13)

Ng =

where o (-, -) denotes the similarity measure function, and
Qv (z?) represents the nearest neighbor representation of
z? in v'-th view.

Subsequently, the nearest neighbor relationship is are
transferred to the v-th view, and z; is encouraged to ap-
proach its nearest neighbor representation within this view.
The loss associated with this process can be formalized as

follows,

\%4

£nac = Z (1 - w;])o’(i?i}7zyza)'

i=1 1

(14)

v=

3.3.2. Prototypical Consistency

Based on the assumption that the clusters to which samples
belong across different views should be consistent, we pro-
pose prototypical consistency. This assumption is essential
in multi-view clustering. First, we perform k-means on the
consistent representations obtained from the encoder for the
complete views, resulting in a set of consistent prototypes
{ci }_, for all samples. Subsequently, the normalized K-
dimensional cluster assignment is obtained from the follow-
ing formula,

v

P2, o) = exp (o(zY,ck)/7)

e iexp(o(zl,ew)/T)]

where temperature coefficient 7 is fixed at 1.0 in this work.
For simplicity, we abbreviate p(z}, ci) as p ;. in the follow-
ing formulas. 7

In unsupervised scenario, the recovered views cannot be
more reliable than complete ones. Therefore, we derive the

15)
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Algorithm 1 The Optimization of BURG

Input: Dataset {X"V}"_, of size N; number of clusters K;
networks {EV, D, F*}V_,; max epoch of three stage

E1, Es, E3; trade-off parameters o and .
Qutput: The predicted clustering results Y.

1: fore =1to E; do

2. Update {EV, D"}V_, with Eq. (3)

3. Update {FV}Y_, with Eq. (9)

4: end for

5: fore =1to E5 do

6 Obtain h; with Eq. (11)

7 Train the entire network with Eq. (12)
8: end for

9: fore =1to F3do

10:  Obtain the n, and y; with Eq. (13) and Eq. (16)
11:  Train the entire network with Eq. (18)
12: end for

1

prototype assignment for the entire sample using only the
14
pr,k

complete views,
. (16)
4 v
(Zv—l wy v=1 )

Finally, we align both the complete and recovered views
of each sample towards its consistent prototype, resulting in
the following prototypical consistency alignment loss,

|

A7)
where §; ;, € y; and y; = one_hot(g;). In Eq. (17), the lat-
ter of the two loss terms is Shannon entropy, which serves
as a regularization term to prevent category collapse, ensur-
ing that not all samples are assigned to the same cluster. The
parameter ~ is used to balance the strength of the regular-
ization term.

9; = argmax

ke{l, K}

N

-2

i=1

V K

[Z > (G logpiy + 1w}k log i)

v=1 k=1

Lpe

3.4. Objective Function and Optimization

Our overall optimization objective consists of three compo-
nents: the distribution transfer learning loss, the neighbor-
aware consistency loss, and the prototypical consistency
loss. In general, the objective loss function of BURG is
formulated as follows,

L =L+ aLlpge + ﬁﬁpcv

where « and f3 are balanced hyperparameters used to adjust
the influence of two types of consistency.

The whole optimization procedure is listed in Algorithm
1. After the entire optimization, we concatenate the missing
view representations recovered by BURG with the complete
views and then perform k-means to obtain the final cluster-
ing results.

(18)



4. Experiments

To validate the effectiveness of BURG, we conduct exten-
sive experiments to answer the following questions: (Q1)
Does BURG outperform current state-of-the-art methods in
clustering performance on widely used datasets? (Q2) Do
both types of consistency positively contribute to perfor-
mance? (Q3) Does BURG effectively reduce the discrep-
ancy between recovered data and true data? (Q4) How do
the main hyperparameters affect BURG’s performance?

4.1. Experimental Settings

4.1.1. Datasets and Implementation Details

Six commonly-used multi-view datasets are adopted to val-
idate the BURG. CUB' is a bird classification dataset us-
ing the first 10 categories, with two views: GoogLeNet[35]
deep visual features and doc2vec[19] textual representa-
tions. HandWritten’ includes digits 0’ to *9’, with 200
samples per class, using six views: profile correlations,
Fourier coefficients, Karhunen-Loeve coefficients, morpho-
logical, 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. Animal[18] consists of 50
animal categories with 10,158 samples, using DECAF[17]
and VGG19[34] deep features as two views. Reuters” is a
text dataset with 18,758 samples in 6 categories, using doc-
uments in German, English, French, Italian, and Spanish as
views. YouTubeFacelO[15] contains 10 person categories
with 38,654 samples, using features from video frames:
LBP, HOG, GIST, and Gabor.

We evaluate all models in our experiments using the
three widely adopted clustering metrics of ACC , NMI and
ARI. We adopt Adam optimizer with the learning rate of
0.0003 for all datasets. The epochs of the three stages are
set to 200, 30, and 20 respectively. The batch size of the
first two stages is 128, and it is increased to 512 in the last
stage. Our model is implemented 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

We compare BURG with nine state-of-the-art DIMVC
methods. Concretely, GP-MVC[39] employs CycleGAN
for stable cross-view generation through cyclic training.
COMPLETER[26] enhances representation consistency
via contrastive learning and mutual information maximiza-
tion. DCP[27] combines mutual information maximiza-
tion with cross-entropy minimization for consistent rep-
resentations. SURE[50] introduces a noise-robust con-

Uhttp://www.vision.caltech.edu/visipedia/CUB-200.html
Zhttps://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
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trastive loss to mitigate false negatives. DIMVC[46]
avoids imputation by using individual view embedding
with EM-like optimization. =~ APADC[48] presents an
imputation-free approach aligning distributions in a com-
mon space. SMILE[54] discovers invariant semantic dis-
tributions without paired samples. DIVIDE[31] reduces
false negatives using high-order random walks to identify
in-cluster samples. ICMVC[4] extracts complementary in-
formation guided by high confidence. In these methods,
only DIMVC and APADC are recovery-free approaches,
while the others are recovery-based methods.

4.2. Performance Comparisons(Q1)

We employ three classic metrics to quantify the clustering
performance of BURG compared to the other nine methods
across all datasets at different missing rates (MR = 0.1, 0.3,
0.5, 0.7) in Table 1. From the results presented in these
tables, we have the following observations:

* Overall, whether under low or high missing rates, our pro-
posed BURG demonstrates strong superiority in cluster-
ing performance compared to both recovery-based and
recovery-free methods. Particularly at higher missing
rates, such as MR=0.5, from CUB to YouTubeFacelO,
BURG outperforms the second-best methods by 1.00%,
18.80%, 7.21%, 2.19%, 1.06%, and 1.45% respectively,
showing more pronounced advantages.

BURG exhibits remarkable performance across diverse
datasets: On HandWritten with six views, it achieves
over 90% in all metrics at MR=0.1; On CiteSeer, it
outperforms GCN-based ICMVC without utilizing adja-
cency graphs; On deep feature datasets (Animal) and text
datasets (Reuters), the advantages are relatively smaller
due to their inherent strong representations. Notably, on
the largest dataset YouTubeFacel0, BURG maintains op-
timal performance, achieving over 80% in both ACC and
NMI at MR=0.3 (ACC=80.69%, NMI=82.47%), demon-
strating excellent scalability.

4.3. Model Analysis(Q2)

4.3.1. Ablation Study

We performed ablation studies on HandWritten and Ani-
mal datasets to evaluate our proposed neighbor-aware con-
sistency (NAC) and prototypical consistency (PC) mecha-
nisms. Table 2 compares four configurations at 0.5 miss-
ing rate: no consistency strategies (None), single strategies
(NAC Only/PC Only), and the full model (NAC+PC).
NAC maintains local topology during missing view re-
construction, reducing noise from view heterogeneity. On
the Animal dataset (50 clusters), NAC alone improves ACC
from 28.44% to 48.61%. Meanwhile, PC ensures cross-
view cluster compactness by aligning recovered embed-
dings with global prototypes. Notably, PC generally con-
tributes more significantly than NAC - removing PC causes



Missing Rates 0.1 0.3 0.5 0.7
Metrics ACC(%) NMI(%) ARI(%) | ACC(%) NMI(%) ARI(%) | ACC(%) NMI(%) ARI(%) | ACC(%) NMI(%) ARI(%)
GP-MVC 67.33 65.57 50.15 55.00 60.26 42.98 56.33 54.90 39.03 4133 46.24 24.97
COMPLETER | 5225 65.06 46.54 49.33 61.76 44.42 41.84 49.61 3246 19.22 14.84 5.46
DCP 61.25 66.28 47.80 56.50 59.08 45.38 32.08 35.71 16.92 28.25 25.14 13.65
SURE 67.04 63.12 50.12 53.80 46.47 33.14 51.03 43.76 2533 40.20 31.29 18.36
g DIMVC 60.98 60.77 44.86 58.26 50.66 36.82 4276 37.20 30.37 37.58 27.64 21.63
O APADC 46.33 41.20 28.99 34.83 33.21 20.28 30.94 28.62 14.06 29.28 2435 9.35
SMILE 62.83 67.99 42.80 55.80 59.08 37.16 54.33 56.16 31.29 44.17 48.62 27.34
DIVIDE 62.50 59.75 44.47 47.83 50.84 34.08 45.67 46.04 28.20 34.50 34.51 21.54
ICMVC 62.83 66.54 50.18 57.00 60.58 43.13 45.67 50.79 33.48 42.19 45.80 3071
BURG 71.50 71.60 60.48 58.00 61.85 45.86 57.33 58.89 45.12 53.83 56.58 45.12
GP-MVC 91.20 83.52 81.56 86.30 76.67 72.51 75.40 66.34 57.86 69.55 61.80 5141
COMPLETER | 70.50 75.46 62.42 63.45 63.80 49.40 50.57 50.80 38.64 35.65 32.12 21.23
= DCP 75.32 77.24 67.39 75.57 78.36 69.34 74.20 72.34 59.83 62.40 60.60 40.79
_:;E SURE 72.40 73.62 62.19 70.21 71.15 60.64 65.59 63.28 53.23 62.95 54.59 44.46
'3' DIMVC 81.99 76.69 61.88 80.90 75.66 61.57 68.77 65.53 46.97 67.35 65.92 46.14
) APADC 89.88 84.94 76.45 74.63 72.83 61.89 70.35 68.41 54.77 68.92 66.51 50.99
| SMILE 87.95 82.66 70.25 85.40 83.45 68.92 71.05 65.30 55.07 70.20 60.69 54.20
DIVIDE 91.85 86.77 78.61 78.75 65.24 58.01 75.45 61.56 52.02 74.75 57.11 50.42
ICMVC 92.55 87.56 80.00 83.75 82.17 73.70 75.50 69.85 60.04 68.25 53.69 43.28
BURG 95.70 90.83 90.66 95.30 89.74 89.83 94.30 88.36 87.76 79.75 84.27 75.30
GP-MVC 23.28 13.96 1.85 22.16 13.07 1.54 20.89 7.81 0.94 20.56 7.10 0.55
COMPLETER | 28.08 11.16 5.47 27.05 11.99 491 2443 8.93 2.21 2231 5.03 1.64
DCP 39.89 20.64 9.74 38.95 18.40 9.09 33.91 11.17 4.99 31.10 9.21 2.97
) SURE 32.61 15.18 8.76 30.59 11.22 6.04 28.77 8.89 2.65 24.55 4.72 0.42
o DIMVC 41.27 25.46 8.10 37.77 18.65 4.56 33.21 12.97 3.87 32.19 10.90 2.83
= APADC 37.44 23.96 11.97 36.93 19.07 8.93 30.10 17.81 6.03 27.81 12.10 5.57
© SMILE 41.73 25.34 7.76 37.77 18.53 4.59 36.59 14.56 4.50 32.52 10.87 291
DIVIDE 43.36 25.54 14.00 38.01 18.57 8.42 35.75 14.44 4.74 30.22 10.11 4.14
ICMVC 44.19 24.69 13.47 40.40 20.02 11.43 40.22 20.53 10.09 33.85 12.35 5.22
BURG 45.38 27.92 14.61 45.41 20.32 11.60 47.43 21.70 12.36 35.69 14.61 7.56
GP-MVC 44.01 54.76 30.50 43.38 53.61 29.19 39.29 48.12 24.02 38.58 47.57 2251
COMPLETER | 29.81 46.66 17.83 24.54 39.20 15.30 20.84 34.82 13.58 15.78 30.62 10.54
DCP 28.86 47.14 20.00 28.14 47.04 18.84 26.34 44.00 16.25 24.79 43.62 14.98
= SURE 38.23 49.14 25.48 36.38 48.92 24.08 35.94 47.06 23.70 34.03 4434 21.55
£ DIMVC 48.29 60.20 35.79 47.74 59.72 37.71 46.42 56.31 33.46 45.27 53.06 28.31
E APADC 30.23 48.44 25.01 29.15 46.72 23.31 28.79 4551 2272 2733 4339 20.79
SMILE 48.46 60.78 39.48 46.85 57.65 36.80 4531 54.67 34.10 40.90 53.83 30.70
DIVIDE 49.18 61.64 38.58 42.70 53.40 30.45 38.51 49.91 26.37 34.42 45.42 20.89
ICMVC 45.10 60.73 33.62 41.17 57.19 31.55 38.34 54.30 28.76 34.67 50.71 25.14
BURG 49.24 62.84 41.60 49.11 61.89 40.28 48.61 59.08 39.71 44.55 55.62 34.80
GP-MVC 3239 19.47 16.91 30.96 17.20 13.96 27.48 12.39 8.65 23.73 10.45 6.44
COMPLETER | 39.54 21.43 12.81 37.59 20.85 11.77 32.76 13.03 8.46 26.97 8.32 4.81
DCP 4351 23.95 16.96 41.89 2295 15.97 40.19 21.64 14.42 39.03 2091 13.23
2 SURE 41.32 25.66 13.32 40.44 22.40 10.59 37.63 21.28 7.58 37.03 18.21 6.63
g DIMVC 43.47 24.90 18.33 42,51 24.42 17.94 41.91 21.72 17.76 40.81 19.99 13.81
& APADC 39.88 21.51 20.11 36.80 20.14 18.76 31.72 17.42 15.79 29.99 16.48 15.08
SMILE 4239 2378 15.43 39.03 2251 15.02 36.08 20.51 14.04 35.58 18.98 12.03
DIVIDE 40.90 23.64 18.96 39.59 22.55 14.78 38.01 21.62 15.81 37.86 20.98 15.01
ICMVC 4295 26.28 20.72 40.89 23.89 19.25 39.48 21.01 16.65 37.64 22.81 14.17
BURG 44.01 26.39 21.15 42.86 26.38 20.22 42.97 24.77 19.61 41.84 23.63 20.60
GP-MVC 76.81 82.44 72.73 73.68 80.70 70.81 65.98 73.28 53.52 63.69 71.07 50.11
COMPLETER | 62.73 60.79 39.82 51.89 5772 35.67 52.39 57.42 29.99 49.05 53.92 24.52
g DCP 64.46 7297 56.48 59.39 59.65 40.50 57.62 60.50 27.54 51.39 56.29 27.29
§ SURE 72.65 7270 55.95 65.39 66.29 40.60 52.90 58.76 32.12 49.76 56.12 26.04
] DIMVC 74.94 79.34 68.96 73.87 76.42 63.97 68.96 75.44 60.29 61.77 61.32 54.59
E APADC 56.75 47.16 40.36 48.09 39.66 31.89 39.71 33.97 23.95 29.23 25.55 14.43
E SMILE 73.50 78.04 66.55 7247 7732 64.37 6791 73.86 60.68 64.74 66.79 41.52
= DIVIDE 77.67 81.11 69.44 75.07 77.86 63.33 68.92 75.34 60.50 67.12 73.10 57.22
ICMVC 68.90 74.17 60.06 67.44 74.59 60.02 62.76 65.44 53.03 58.00 58.67 47.14
BURG 78.92 83.68 72.97 80.69 82.47 72.79 70.41 76.08 61.17 67.86 75.00 59.23

Table 1. The clustering results on six multi-view benchmarks under different missing rates. The optimal results are highlighted in bold,

while the second-best are underlined.

substantial performance drops, as seen in HandWritten
where ACC decreases from 94.30% to 75.90%. These find-
ings highlight PC’s crucial role in bridging semantic gaps
across heterogeneous views.

4.3.2. Comparative Verification of Dual Consistency

To ensure that the positive impact on clustering perfor-
mance stems from our dual-consistency recovery guidance
rather than simply from the additional 20 epochs of training,

we present in Fig. 3 the ACC curves across epochs with and
without dual consistency (DC). These results clearly vali-
date that the improvements in clustering performance are
indeed attributable to our DC mechanism.

4.3.3. Analysis of Inter-View Correlation Enhancement

To investigate whether our proposed BURG effectively en-
hances the correlation consistency across different views,
we evaluated its performance with varying numbers of
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Dataset Dual Consistency ACC(%) NMI(%) ARI(%)
None 52.65 58.15 45.45
HandWritten NAC Only 75.90 67.36 46.57
PC Only 75.80 81.19 70.60
NAC + PC 94.30 88.36 87.76
None 28.44 38.69 19.34
Animal NAC Only 47.32 57.70 33.93
PC Only 46.64 58.70 38.27
NAC + PC 48.61 59.08 39.71

Table 2. Effect of the dual-consistency guided recovery strategy on
HandWritten and Animal at missing rate of 0.5. The best results
are highlighted in bold.

—— wDC
—— w/oDC

235 25 235 250

240
epoch

(b) Animal

240
epoch

(a) HandWritten

Figure 3. Comparison of clustering performance with and without
the DC module from 230 to 250 epochs at missing rate of 0.5.

views on HandWritten and Reuters datasets, which contain
the highest number of views among all datasets. The results
are presented in Table 3. We observe that the performance
of our model demonstrates an upward trend on both datasets
as the number of views increases.

Dataset View Number ACC(%) NMI(%) ARI(%)
2V 72.00 71.23 60.67
HandWritten 3V 78.15 77.04 69.14
4V 81.10 82.27 75.09
5V 92.65 87.56 85.07
6V 94.30 88.36 87.76
2V 40.78 18.52 16.29
Reuters 3V 39.21 19.91 17.77
4v 42.48 24.07 22.14
5V 42.97 24.77 19.61

Table 3. Experiment with different numbers of views on Hand-
Written and Reuters at missing rate of 0.5. The best results are
highlighted in bold.

4.4. Visualization of the Discrepancy(Q3)

To validate whether our proposed BURG effectively re-
duces the discrepancy between recovered and ground-truth
data, we conducted t-SNE visualization on the HandWrit-
ten dataset under a missing rate of 0.5, as illustrated in Fig.
4. In the visualization, blue points represent samples with
missing views, while red points denote samples with com-
plete views. The visualization results strongly substantiate
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sssssss data
complete data

missing data
complete data

(a) Raw features (b) After recovery

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

(b) Animal

(a) HandWritten

Figure 5. Sensitivity analysis of « and S for our method over
HandWritten and Animal (The missing rate is 0.5).

our motivation.

4.5. Parameter Analysis(Q4)

We conducted parameter sensitivity analysis on two trade-
off parameters, o and (3, in Eq. (18) using the HandWrit-
ten and Animal datasets, as illustrated in Fig. 5. On the
HandWritten dataset, we observed superior clustering per-
formance when the ratio of « to 8 was relatively large, indi-
cating that prototypical consistency plays a dominant role.
In contrast, the Animal dataset exhibited minimal fluctua-
tions in clustering results.

5. Conclusion

In this paper, we propose a distribution transfer recovery
method with dual consistency to restore missing instances
in multi-view data. Compared to existing methods, our ap-
proach introduces two key improvements: i) utilizing flow-
based generative model, it integrates the distributions of
available views and transfers them to missing views, effec-
tively predicting the distribution space of the missing views
and addressing inter-view heterogeneity; ii) during the re-
covery process, it incorporates neighbor-aware and consis-
tent prototypical guidance, providing rich intra-view struc-
tural information and inter-view clustering information, en-
suring the distinguishability of the recovered views.
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