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Abstract. Incomplete Multi-View Clustering addresses the problem of
clustering multi-modal data when certain views are missing. Recent end-
to-end generative approaches leverage diffusion models to recover miss-
ing views via stochastic noise-to-data trajectories. While expressive, such
mechanisms are not explicitly designed for clustering, as they initialize
from cluster-agnostic noise and rely on stochastic denoising dynamics.
In this work, we revisit probability path design in end-to-end generative
IMVC. We introduce a flow-matching framework with a linear interpo-
lation path between paired view representations, that replaces diffusion
with probability flows between observed and missing views. We provide
a formal analysis showing that deterministic ODE flows are inherently
better aligned with clustering objectives than diffusion-based stochastic
trajectories, especially in terms of transport mechanisms that respect
class-conditional data distributions and maintain cluster consistency in
finite-step regimes. Building upon this insight, we develop an end-to-
end IMVC architecture that integrates straight-path flow-matching view
completion with cluster-level and entropy-based alignment to enforce
cross-view clustering consistency. Extensive experiments on standard
IMVC benchmarks demonstrate that the proposed framework establishes
new state-of-the-art performance.
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1 Introduction

The task of Incomplete Multi-View Clustering (IMVC) [8] addresses the chal-
lenge of multi-view clustering (MVC) [2], with an additional layer of difficulty,
i.e., not all views are consistently available for each sample. Compared to the
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traditional MVC task setup, IMVC more closely reflects real-world use cases
involving multi-view data [40,/52,|53|, as such data collection processes may en-
counter sensor malfunctions, occlusions, disk space limitations, or even storage
media corruptions.

Traditional IMVC methods [24}[25]142} 43|50, /54] focus on latent alignment
and reconstruction under missing-view constraints. Recently, generative model-
ing [6,[10L/31] has emerged as a powerful alternative paradigm. Diffusion-based
approaches [40,[53], in particular, formulate missing-view recovery as conditional
generation: starting from Gaussian noise, a stochastic denoising process condi-
tioned on the observed view progressively reconstructs the missing representa-
tion. Earlier works [40] adopt a two-stage pipeline in which clustering is per-
formed after generative recovery. Recent research has shifted toward end-to-
end IMVC frameworks [53] that optimize missing-view recovery and clustering
jointly. In the joint framework, the generative module is trained under clustering-
oriented supervision, so the intermediate and final recovered features directly
determine the clustering embeddings and assignments during training. Conse-
quently, the properties of the generative trajectory directly influence the struc-
tural organization of the learned representations, as cross-view discrepancies are
progressively reduced and intra-cluster coherence is reinforced under clustering-
oriented supervision.

However, diffusion-based generative modeling typically relies on stochastic
dynamics, often formulated as stochastic differential equations (SDEs) [32], that
transform cluster-agnostic Gaussian noise into data representations through pro-
gressive denoising. As illustrated in Fig[l] the reverse process starts from noise
that is independent of the observed sample and gradually reconstructs the target
representation, causing trajectories to traverse regions of the latent space that
are initially unrelated to the underlying cluster structure. Moreover, during the
early and intermediate stages of denoising, the representations remain strongly
influenced by noise, and cluster-discriminative structure becomes evident only in
the low-noise regime (Fig. Although such properties are natural for general-
purpose generation, IMVC instead requires view-completion mechanisms that
are deterministically conditioned on observed representations and preserve the
clustering structure of the representations throughout the transport process.

To this end, we adopt flow matching [22] to learn a deterministic ODE trans-
port operator for missing-view recovery. Unlike stochastic diffusion trajectories,
flow matching enables direct modeling of continuous transports anchored at the
observed representation and consistent with the clustering structure of the repre-
sentation space. Concretely, we specify a linear interpolation (i.e., straight-path)
between paired latent representations of observed and missing views, and train a
neural vector field to match the corresponding path velocity. This yields trajecto-
ries that evolve consistently with the underlying cluster structure while requiring
only a small number of integration steps. A formal analysis comparing diffusion
trajectories and flow-based transport is provided to clarify their structural differ-
ences. Building on this formulation, we integrate straight-path completion with
an end-to-end IMVC framework that combines within-view reconstruction and
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cross-view alignment, where the cluster-level contrastive loss enforces assignment
consistency and the entropy-based alignment stabilizes probability predictions.
The resulting design jointly optimizes view recovery and clustering consistency
within a unified framework.

Our contributions are summarized as follows:

— We propose a flow-matching framework for incomplete multi-view clustering
(IMVC) that performs cross-view completion by learning a vector field to
transport an observed latent representation to its missing-view counterpart
along a straight-path formulation.

— We present a formal analysis showing straight-path transport and finite-step
cluster separability of flow matching under standard assumptions.

— We develop an end-to-end model that integrates within-view reconstruction,
cross-view alignment (cluster-level and entropic alignment), and straight-
path completion, achieving SOTA performance on IMVC benchmarks.

2 Related Work

Deep Incomplete Multi-View Clustering. Handling missing modalities is
a central challenge in incomplete multi-view clustering (IMVC). Autoencoder-
based approaches [26}/39,/47,/51] learn latent representations by reconstructing
observed views. Graph-based methods [4]38,|41] propagate information across
samples through graph structures. Contrastive learning approaches [7}{17}/21] im-
prove cross-view representation consistency by maximizing agreement between
views. To explicitly reconstruct missing modalities, recent studies introduce gen-
erative models [9]. Generative Adversarial Networks (GANs) [19}|35/37] enable
view synthesis but often suffer from training instability and mode collapse.
Variational Autoencoders (VAEs) [3,|13}/27] provide a probabilistic framework
for view generation. More recently, diffusion models have achieved remarkable
progress in generative modeling [10}/16,/29,|36]. They have also been explored
for missing-view generation in IMVC [40}53]. However, diffusion models gener-
ate representations through stochastic noise-to-data trajectories that start from
cluster-agnostic noise, so the transport process does not explicitly preserve the
clustering structure of the representations.

Flow Matching in Generative Modeling. Flow Matching (FM) [14}22,23]
is a generative framework that learns deterministic vector fields to transport
samples between probability distributions through ODE flows. Instead of rely-
ing on stochastic noise injection and iterative denoising as in diffusion models,
FM directly models probability transport along predefined interpolation paths
between data distributions. Several extensions have further expanded its appli-
cability, including latent-space flow matching [5], flow generator matching [11],
and hybrid diffusion—flow formulations [30]. The deterministic transport formula-
tion of flow matching provides a natural mechanism for modeling representation
transport between paired observations. Motivated by this formulation, we adopt
flow matching to model cross-view completion in the latent representation space
for incomplete multi-view clustering.
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3 Methodology

In this section, we first concretely demonstrate that, under three assumptions,
flow matching exhibits desirable theoretical properties over conditional diffusion
models when applied to the task of IMVC (Sec. Based on the theoretical
analysis, we proceed to propose our method of adopting flow matching for the
task in Sec[3.2l

3.1 Motivation of Adopting Flow Matching

Problem Setup. Without loss of generality, we consider a two-view IMVC set-
ting. Let & C RP denote the original data space and Z C R? the corresponding
latent representation space. For each sample, the raw observations from the two
views are denoted by x1,x2 € X, and their encoded latent representations are
21,29 € Z, respectively.

Under this formulation, the core objective of IMVC is as follows: given an
observed view representation (e.g., z1), recover the missing-view representation
(e.g., z2) such that both representations correspond to the same cluster. Equiv-
alently, if ¢ : Z — {1,..., K} denotes the clustering assignment function, the
desired consistency condition is ¢(z1) = ¢(22).

Assumptions. We establish all ar-
guments under the following three as-
sumptions. Note that they are shared
by both the conditional diffusion mod-
els and flow matching.

Diffusion %) ~ N(0> I)

(i) Cluster Separability. The cluster 25
sets S, (k= 1,...,K) in the rep- P Flow
resentation space are compact sub- Matching

sets of R?. Any two clusters have a
strictly positive minimum distance
o> 0, i.e., 1nfz¢] d(gS“Sj) =6>0.

Fig.1l: Comparison between Flow
Matching and Diffusion trajectories.

(i) View Consistency. Different-view
representations of the same sample
belong to the same cluster, i.e., the
clustering label mapping c(-) satis-
fies: for any sample representations
2V and 2V, ¢(z?) = ¢(2”).

Sufficient Model Approximation.
The neural network can sufficiently
approximate the target function
with bounded approximation error.
i.e., the model can capture the true

probability flow or the vector field.

(iii)

Without loss of generality, we illustrate a
two-view IMVC setting, where z; denotes
an observed view and z2 denotes a missing
view. M denotes the region of the repre-
sentation space that contains the cluster
data, while 2y represents Gaussian noise.
Diffusion trajectory deviates from M
due to injected noise, resulting in a long
and winding path when recovering z2. In
contrast, the Flow Matching trajec-
tory remains within the data region M,
producing a more direct path that short-
ens as clustering improves.
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Preliminary on Flow Matching. In IMVC, to address the view-completion
and the clustering objectives, flow matching directly constructs a deterministic
ODE flow from the observed view representation z; to the completed view repre-
sentation z5. Here, time domain ¢ € [0, 1], with ¢ = 0 for the observed view, ¢t = 1
for the completed view. We note that flow matching does not involve random
terms in its formulation, or noise initializations.

Interpolation Process. Flow matching first performs a linear interpolation be-
tween the observed view z; (source distribution py = p(z1)) and the completed
view zg (target distribution p; = p(z2)) to construct the interpolated represen-
tation x; at time ¢. The corresponding target vector field is the velocity of the
interpolation path, i.e.,

xr = (1 —t)zy +tza, te€]0,1], (1)
Vtarget ($t, t) =22 — 21, (2>
where Eq[I] represents the shortest path in Euclidean space, i.e., a straight line

path, which is the optimal shortcut connecting the observed view and the com-
pleted view. Its path length is directly determined by ||z2 — 21 ]|.

Vector Field Learning. The learning objective of flow matching is to fit a vector
field vy (¢, t) via a neural network, such that it approximates the target vector
field vgarget (¢, t). The training loss uses mean squared error:

Lrm = Eps(0,1),21,20 |V0(24, 1) — Vsarget (T4, t)||§ ; (3)

where U(0,1) is the uniform distribution on [0, 1]. The vector field vy(-) takes
the interpolated representation x;, the time step ¢, and the observed view z; as
input and outputs a velocity vector of the same dimension as the representation.

Reversibility. The ODE framework of flow matching possesses a natural re-
versibility. If the forward vector field vg(:) from z; to 2z is learned, the reverse
vector field vy, (+) from z3 to z; is simply —wvg(-). The reverse ODE is:

dx,
ds

This property grants that flow matching only needs to train the vector field
in one direction to achieve bidirectional view completion, where we provide a
detailed proof in Appendix D. This is in contrast to methods using diffusion
models, which require training two separate models.

= Vop (l's, S) = *Ue(ml—u 1- t)7 Ts = (1 - 5)22 + s2z7. (4)

Flow Matching in IMVC. With the preliminaries of flow matching intro-
duced above, we argue that it is structurally more aligned to the task of IMVC,
compared to existing diffusion-based methods. We concretely demonstrate our
claim through the two corollaries below, while relating each one to the limitations
of the diffusion models. A complete theoretical analysis regarding the properties
and limitations of the diffusion model is provided in Appendix A, detailed proofs
of the corollaries are in Appendix C.
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(a) High noise (b) Medium noise (c) Low noise
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Fig.2: Cluster separability under diffusion noise. (a) High noise (o: > §):
supports fully overlap, samples mix heavily; (b) Medium noise (o¢ =~ §/2): partial
overlap may cause cross-cluster drift; (¢) Low noise (0 < §/2): clusters are well
separated with a clear boundary. In finite-step inference, o; is often large due to limited
steps, making scenario (b) common and leading to cross-cluster drift. We refer readers
to Appendix D, Eq.20 for detailed analysis.

Corollary 1 (Flow Matching’s Shortcut Path). Flow matching constructs
an optimal shortcut path between views representation.

As illustrated in Fig[l] during the training process of IMVC, view represen-
tations gradually align as ||z; — z2|| decreases. The path length in flow match-
ing shortens adaptively. When views are perfectly aligned, the path length be-
comes a small value. On the other hand, the diffusion model’s starting point is
global Gaussian noise unrelated to the cluster class-conditional data distribu-
tions, which encode the clustering structure (Appendix A.2, Eq.18). The reverse
process must complete the full evolution of “noise space = representation space
= cluster-specific distribution”. Even if the observed view representation and
completion target view representation in latent space are highly aligned, diffu-
sion cannot utilize the view consistency information. The path length is fixed as
the distance from the noise to the cluster set.

Remark 1 (Shortcut Path Advantage). Compared to the diffusion model’s Gaus-
sian noise initialization (Eq.18), flow matching offers the theoretical advantages
of non-redundant paths and adaptively shortening path length, as shown in Fig[T]

Corollary 2 (Flow Matching’s Finite-Step Separability). Flow matching
achieves cluster separability within any finite number of steps.

In other words, sample trajectories from different cluster sets remain sep-
arated throughout the evolution, with no cross-cluster drift, as in Fig[] (c).
In contrast, the cluster separability of the diffusion model relies on a strong
asymptotic condition (where o, < ¢/2), which only holds as ¢ — 0, as shown
in Fig[2] and is discussed in detail in Appendix A.2, Eq.20. This condition is
difficult to satisfy in finite-step practical inference, leading to overlapping sup-
ports of noised distributions for different clusters and making samples prone to
cross-cluster drift, significantly reducing cluster separability.
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Fig. 3: Overview of the proposed flow-matching framework for incomplete
multi-view clustering. Each view is encoded into latent representations and recon-
structed via decoders. A velocity field network models straight-path transport between
paired latent for cross-view completion. The completed representations are fused for
cluster prediction, followed by cluster-level alignment and entropic alignment.

Remark 2 (Finite-Step Separability Advantage). Flow matching offers the theo-
retical benefit of finite-step cluster separability with no cross-cluster drift com-
pared to the diffusion model’s asymptotic separability condition (Fig Eq.20).

3.2 Flow-Matching Formulation of IMVC

Motivated by the theoretical analysis in Sec[3.1} we formulate incomplete multi-
view clustering as a cross-view completion problem in the latent representa-
tion space. Under the assumptions of cluster separability, view consistency, and
sufficient model approximation, our method is designed to preserve clustering
structure while recovering missing-view representations. The overall framework
consists of three components: within-view reconstruction, cross-view alignment
(including cluster-level and entropic alignment), and straight-path completion.

Within-view Reconstruction. Before performing cross-view transport, we
first learn compact latent representations for each view via view-specific au-
toencoders. Given an input feature ¢, € X from view v € {1,2}, an encoder
Ey(-) maps it to a latent representation z, = &,(x,) € Z, and a decoder D, (-)
reconstructs it as &, = D, (z,). This step extracts view-specific structural infor-
mation and learns latent representations for each view. To preserve the intrinsic
structure of each view in the latent space, we adopt a standard reconstruction
objective in N samples:

N
v 2 (1P ol 1P+ P - a1). o
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Cluster-Level Alignment. Under Assumptions |(4)H(%i), different views of the
same sample are expected to belong to the same cluster and therefore share a
consistent cluster assignment. However, in practice, the view-specific encoders
and the learned clustering head can yield view-dependent predictions, leading
to inconsistent assignments across views and degrading the clustering structure
of the learned representations. We therefore employ a cluster-level contrastive
objective to explicitly couple the two views in the clustering space.

Specifically, let y1,y> € RE be the cluster probability vectors predicted from
z1 and z9, respectively. We adopt an InfoNCE [28] objective to align cross-view
cluster predictions in N samples:

exp (cos(ygi), yéz))/7>

S exp(cos(y”, w)/7)

1 N
‘Ccluster = _N Z IOg (6)
=1

where cos(+,-) denotes cosine similarity, and 7 is a temperature parameter. This
objective increases the similarity between corresponding cross-view predictions
while discouraging alignment with non-matching samples, thereby promoting
view-consistent clustering and preserving inter-cluster separation.

Entropic Alignment. Although the cluster-level contrastive objective pro-
motes cross-view assignment consistency, it operates at the sample level and
does not explicitly regularize the structure of the predicted probability distri-
butions. In practice, direct fusion in Euclidean space may distort the relative
probability structure and over-smooth cluster confidence. We therefore employ
an entropy-weighted alignment objective to regularize probability consistency
across views.

Let y1, y2, and yp, denote the cluster probability distributions predicted from
21, %9, and the fused representation h, respectively. Since these distributions lie
on the probability simplex, we adopt the centered log-ratio (clr) transformation
(Appendix E) to perform fusion in a simplex-consistent space. An entropy-based
weighting scheme assigns larger weights to more confident predictions, and the
target distribution y* is obtained via a weighted combination in the clr space
followed by inverse mapping back to the simplex. We then enforce consistency
between the fused prediction and the entropy-weighted target via KL divergence:

£entropy = KL(yh H y*)a (7)

where KL (+||-) is the KL divergence. This objective stabilizes cross-view prob-
ability structure while preventing uncertain predictions from dominating the
fusion, thereby preserving post-alignment cluster separability.

Straight-Path Completion. With cluster-level and entropic alignment regu-
larizing cross-view consistency in the clustering space, we now realize cross-view
representation completion via flow matching in the latent space. Given paired
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latent representations (z1, z2) from complete samples, we construct the interpo-
lated state x; along the straight-line path (Eq[I). A neural vector field F(-) is
trained to approximate the target transport direction, so that integrating the
learned ODE maps an observed representation to its missing-view counterpart.

Flow Prediction Loss. Given the straight-line interpolation x; defined in Eq/T]
the target transport direction at any intermediate state is uniquely determined
as zp — 21 (see Eq[2). We therefore learn a parametric vector field F(x,t) to
approximate this target velocity by minimizing

ﬁﬁow—prcd - Et,zl,ZQ H-F(mt,t) - (zQ - Zl)”g . (8)

This objective enforces the learned vector field to follow the straight-line
shortcut path between paired latent representations, as discussed in Corollary [T}
By aligning the local velocity with zo — 21, the transport process exploits view
consistency and adaptively shortens the path length as cross-view representa-
tions become aligned. This avoids redundant detours and maintains the cluster
structure established by the alignment modules.

Completion Consistency Loss. Although the vector field is trained to approxi-
mate the shortcut transport direction, finite-step numerical integration may in-
troduce approximation errors. Based on the reversibility property of flow match-
ing (Eq. , forward integration (¢ : 0 — 1) maps 21 to the recovered feature 2o,
while reverse integration (s: 0 — 1,s = 1 —t) maps 2z to 21:

1
22 =2z +/ f($t7t) dt, (9)
0

1
21 =z + / —.7:(1151,,5, 1-— t) ds. (10)
0
We then enforce bidirectional completion consistency by minimizing

Lbow-comp = Bz, 2, (122 — z2/15 + 121 — z11I3] - (11)

This loss constrains the transport trajectory at both endpoints, ensuring that
finite-step evolution remains faithful to the true latent representations. Together
with the shortcut-path property, it supports stable cross-view completion while
maintaining the cluster structure discussed in Corollary 2]

Overall Objective. The model is trained by minimizing a weighted combi-
nation of the losses introduced above, which jointly optimize representation
reconstruction, cross-view cluster consistency, probability-level alignment, and
shortcut-path completion:

L= Erec + Alﬁﬂow—pred + )\2£ﬂow—comp + >\3£’cluster + )\4£entropy7 (12)

where A1, Ao, A3, and A4 balance the contributions of the transport, alignment,
and reconstruction objectives.
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4 Experiment

This section presents the experimental evaluation of the proposed framework.
We first describe the experimental settings (Sec7 and compare our method
with recent incomplete multi-view clustering approaches on multiple benchmarks
(Sec. Then, we conduct ablation studies to analyze the contribution of each
component (Sec. Finally, we provide additional analyses, including hyper-
parameter sensitivity, representation visualization, and flow-step behavior, to
further understand the properties of the proposed method (Sec.

4.1 Experiment Setup

Dataset. We evaluate the proposed method on five multi-view benchmarks: (i)
Synthetic3D [15], a synthetic Gaussian-mixture dataset with correlated features,

where two views are selected following [53]; (i) CUB [34], a fine-grained bird
dataset containing 11,788 image—text pairs from 200 categories, where visual
features are extracted using GoogleNet and textual features via doc2vec, and
the first 10 categories are used as in [18.53]; (iii) HandWritten [1], a digit dataset
with 2,000 samples and six feature views, from which two views are adopted
following [53|; (iv) LandUse-21 |49|, a remote-sensing dataset with 2,100 images
from 21 categories, where PHOG and LBP descriptors are used as two views;

and (v) Fashion [44], a product image dataset with 10,000 samples, from which
two visual feature views are selected.

Metric. Following the standard incomplete multi-view clustering (IMVC) pro-
tocol [21,/53], we simulate missing views by randomly masking one view for a
subset of samples. The missing rate is defined as the ratio of incomplete sam-
ples to the total dataset size. We follow [21,/53| to evaluate method performance
using three standard metrics: Accuracy (ACC), Normalized Mutual Information
(NMI), and Adjusted Rand Index (ARI).

Implementation details. Our framework consists of view-specific autoencoders,
a straight-path flow matching module, and a clustering classifier. The model is
trained for 200 epochs using the Adam optimizer with an initial learning rate
of 1 x 1073. The batch size is set according to the dataset configuration (typ-
ically 128 or 256). We simulate incomplete multi-view scenarios by randomly
masking one view for a subset of samples based on the target missing rate
(p € {0.1,0.3,0.5}). The weighting coefficients A1, A2, A3, and A4 are configured
individually for each dataset. For the flow matching process, we adopt an effi-
cient setting with a single integration step (Step = 1) during both training and
inference. We refer readers to Appendix. F for detailed implementation details.

4.2 Comparisons with State-of-the-Arts.

Table [I] compares our method with recent incomplete multi-view clustering ap-
proaches under three missing rates on five benchmark datasets. Overall, the
proposed framework consistently achieves the best or competitive performance
across almost all evaluation metrics. On datasets with clear cluster structures,
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Table 1: Comparison with state-of-the-art incomplete multi-view clustering
(IMVC) methods under different missing rates. ACC, NMI, and ARI denote
clustering Accuracy, Normalized Mutual Information, and Adjusted Rand Index, re-
spectively (higher is better). 7 indicates the missing rate of views.

7=0.1 7=0.3 7=0.5
ACC NMI ARI ACC NMI ARI ACC NMI ARI

88.00 65.17 67.87 79.83 55.21 56.69 85.53 58.33 62.56
73.11 59.02 5838 70.78 56.41 55.43 67.44 51.74 49.42
72.52  57.87 56.68 70.23 55.51 53.34 69.12 53.21 52.03
88.83 65.51 69.12 87.50 61.79 66.68 86.33 59.29 63.65
85.73 59.07 62.98 86.47 60.84 6490 84.38 58.48 61.85

Dataset Method

Synthetic3d 86.55 61.79 6542 8550 59.29 62.81 8278 54.76 57.69
50.03 28.43 2457 46.97 22.07 1593 50.32 25.64 18.79

85.03 58.30 6196 87.17 6120 66.29 84.20 55.33 59.60

91.23 71.35 76.05 88.00 64.11 68.48 87.67 6323 67.52

94.17 78.66 83.51 91.17 69.56 75.56 88.17 63.78 68.26

4277 5542 33.39 40.60 52.37 3141 38.87 50.15 3118

63.67 59.85 46.23 49.22 49.93 32.80 4899 49.61 32.35

67.67 6414 5114 6272 60.27 4503 59.63 5595 39.91

76.67 71.38 58.65 7433 70.33 56.84 73.33 69.68 57.17

CUB 53.04 59.05 42.98 70.33 70.33 56.84 48.53 59.93 41.54
69.33 69.65 5593 71.83 64.45 51.64 69.56 64.19 52.06

63.83 63.00 50.50 7042 6843 56.35 68.98 6881 52.61

32.33 33.36 16.85 4513 41.32 2511 41.70 3778 21.62

8223 7770 69.21 77.17 7135 59.85 7550 72.21 59.12

86.00 78.19 72.28 82.67 72.80 66.31 80.50 71.74 63.15

63.66 70.44 52.82 75.68 79.05 67.45 72.07 76.17 63.81

71.37 70.24 60.30 67.47 65.27 5426 56.90 57.99 44.12

7507  68.19 59.79 69.16 63.25 53.67 61.02 5357 42.12

68.70  69.06 59.17 8220 75.05 69.58 72.55 68.60 57.51

HondWeitten 7258 7129 59.07 60.66 64.84 4875 52.70 63.12 39.96
81.05 78.48 70.40 80.60 77.26 69.72 7898 7408 66.47

20.08 19.36 11.06 26.63 1657 884 2513 1569 8.09

8270 81.06 74.67 8227 79.90 72.81 7504 71.89 63.29

8275 82.63 74.88 8270 80.54 73.96 80.80 7621 70.45

85.30 82.78 76.72 86.50 82.09 77.04 83.40 76.26 70.76

26.19 3120 13.02 2548 30.18 11.08 21.52 26.32 11.11

1656 1640 4.32 1646 16.57 4.35 1670 16.84 4.50

19.05 19.99 6.32 1853 19.89 6.24 1843 1947 5.98

2005 27.20 814 1805 25.75 6.90 20.38 26.99 8.05

LandUse.21 2092 2674 7.97 19.99 2440 744 1915 2391 7.08
2443 29.22 11.44 24.63 2845 11.78 2445 27.43 10.94

13.90 2248 266 1324 2321 274 12.86 19.67 2.54

2681 3071 13.60 26.12 29.83 12.12 26.12 29.83 12.12

2752 31.36 1457 27.33 32.09 14.47 25.76 29.07 13.17

29.10 31.95 15.15 28.19 31.71 14.55 27.24 30.84 13.66

DCP 83.70 8430 7650 71.80 70.90 52.50 60.80 59.50 33.10

DSIMV 88.00 86.40 8110 87.30 85.00 78.90 83.50 80.30 73.70

GCFAGG [48] 7821 7450 6628 7634 72.53 63.98 7447 69.83 60.37

CPSPAN 66.16 68.45 55.73 6480 68.22 5555 5481 64.13 48.84

Fechion APADC [46] 8140 8650 7330 80.90 85.01 73.10 7540 8150 67.60
Prolmp 92.88 88.34 86.09 741l 76.97 6642 89.76 81.94 79.93

DVIMVC 79.38  80.22 7150 82.26 79.82 7246 80.17 77.09 69.51

ICMVC 9241 87.05 85.11 89.31 83.06 79.93 79.37 7444 68.46

DCG 9583 91.29 9119 93.13 86.99 86.00 90.04 8225 79.99

Ours 96.07 91.99 91.78 93.66 87.93 87.07 90.09 82.83 80.58
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Table 2: Ablation study of the proposed loss components on the Hand-
Written dataset under missing rate 7 = 0.3. Laow-pred and Laow-comp denote the
flow-based shortcut completion losses, Lciuster represents the cluster-level alignment
loss, and Lentropy refers to the entropy-based alignment loss. v' and X indicate whether
a component is enabled or removed. All variants retain the reconstruction loss.

Loss Components Metrics (%)
Laow-pred  Low-comp Lecluster Lentropy ACC NMI  ARI

73.95 7092 61.42
76.15 71.86 63.38
7735  71.89  64.16
2775 37.13  20.05
7720 7179  66.69
28.70 17.67  7.75

86.50 82.09 77.04

Variants

(W/O) ['ﬂow-pred

(w/0) Litow-comp

(w/0) Laow-pred & Low-comp
(w/0) Letuster

EW/O) Lentropy

W/O) Letuster & l:entropy
Full model

AN RN RN
AN ENENE RV VEN
LN RV R NENEN
A RV NENENEN

such as Synthetic3D and HandWritten, our method achieves notable improve-
ments across all metrics. These results suggest that the straight-path completion
learned by flow matching can recover missing representations while maintaining
the underlying cluster geometry.

The advantage of our method becomes more pronounced under higher miss-
ing rates. As 7 increases from 0.1 to 0.5, many existing methods experience
notable performance degradation due to reduced cross-view correspondence,
whereas our approach remains relatively stable across datasets. This robustness
arises from the combination of alignment and flow-based completion: the cluster-
level and entropic alignment modules enforce view-consistent assignments, while
the flow-matching transport recovers missing representations by following the
straight-path transport between paired latent representations. This behavior is
consistent with our theoretical analysis that flow matching maintains cluster
separability under finite-step evolution, resulting in stronger robustness under
severe incompleteness.

4.3 Ablation Study

We conduct ablation experiments on HandWritten with a missing rate 7 = 0.3
to analyze the contribution of each component in the proposed flow-matching
formulation, as summarized in Table 2]

Effect of Lcjuster- Removing the cluster-level contrastive loss causes the most
severe performance drop (ACC decreases to 27.75%). This loss explicitly aligns
cross-view cluster assignments and establishes view-consistent clustering struc-
ture in the latent space. Without this constraint, representations from different
views may produce inconsistent cluster predictions, violating the cluster sepa-
rability assumption required by the flow-matching formulation. Consequently,
reliable cross-view completion cannot be achieved.
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(a) ACC vs. A\ (b) ACC vs. Ao (c) ACC vs. A3 (d) ACC vs. Ay

Fig. 4: Hyperparameter analysis of the loss coefficients on five datasets with
missing rate 7 = 0.3. (a) A1 for the flow prediction loss Laow-preda; (b) A2 for the com-
pletion consistency 10ss Laow-comp; (¢) Az for the cluster-level contrastive loss Leiuster;
(d) A4 for the entropy-based alignment loss Lentropy-

Effect of Lentropy- The entropy-based alignment complements the cluster-level
contrastive objective by further stabilizing cross-view probability predictions.
While Lciyster enforces assignment consistency at the sample level, Lentropy reg-
ularizes the probability distributions across views. Removing this term leads
to performance degradation, indicating that probability-level alignment is also
important for maintaining stable cluster assignments and cross-view completion.
Effect of Laow-pred. The flow prediction loss supervises the learned vector field
to follow the straight-path transport direction between paired latent representa-
tions. Removing this loss weakens the ability of the model to learn a consistent
transport direction, resulting in degraded completion quality. This confirms that
accurate velocity-field estimation is necessary for modeling cross-view transport.
Effect of LAow-comp- The completion consistency loss enforces bidirectional
completion consistency between paired latent representations. Without this con-
straint, the recovered features may deviate from the true latent representations
during finite-step integration, leading to degraded performance. This loss there-
fore improves the stability of cross-view completion. When both flow losses are
removed, the model reduces to an alignment-only variant and achieves moderate
performance. Introducing the flow-matching formulation substantially improves
all metrics, demonstrating that straight-path transport effectively exploits the
clustering structure established by the alignment modules.

4.4 Analysis

Hyperparameters Analysis. We analyze the sensitivity of the loss coefficients
A1, A2, A3, and A4 under the missing rate 7 = 0.3, as shown in Fig. [d The perfor-
mance remains stable across a wide range of A\; and \s, corresponding to the flow
prediction loss Laow-pred and the completion consistency loss Lgow-comp- In con-
trast, the method is more sensitive to A3 and A4, which control the cluster-level
contrastive loss Lejuster and the entropy-based alignment loss Lentropy. This ob-
servation is consistent with our formulation: alignment losses enforce cross-view
assignment consistency and stabilize probability predictions, which are required
by the assumptions underlying the flow-matching formulation.
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(a) t-SNE Visualization (b) Flow-Step Analysis

Fig.5: Representation visualization and flow-step analysis. (a) t-SNE visual-
ization on the HandWritten dataset with missing rate 7 = 0.3, showing the raw features
(left) and the representations learned by our method (right). (b) Clustering accuracy
under different flow step numbers on the HandWritten and Synthetic3D datasets.

Visualization Analysis. We visualize the learned representations on the Hand-
Written dataset using t-SNE under the missing rate 7 = 0.3, as shown in
Fig. f] Compared with the scattered and mixed raw features, the representa-
tions learned by our framework form clearly separated clusters. This improve-
ment arises because the cluster-level contrastive loss and entropy-based align-
ment enforce cross-view assignment consistency and stabilize probability predic-
tions, while the flow-matching formulation performs cross-view completion by
following the straight-path transport between paired latent representations.
Flow-Step Analysis. We analyze the influence of the number of flow steps used
for cross-view completion. As shown in Fig.[5| the clustering performance remains
stable across different step numbers. This observation is consistent with our
theoretical Corollary [2] that flow matching achieves cluster separability within
any finite number of steps. Once the vector field is learned, the straight-path
transport learned by the vector field produces stable completion under different
finite-step integration settings.

5 Conclusion

We presented a flow-matching framework for incomplete multi-view clustering
that formulates missing-view recovery as a straight-path transport problem in
the latent representation space. Through theoretical analysis, we showed that
flow matching provides two desirable properties for IMVC: shortcut-path trans-
port and finite-step cluster separability. Guided by this analysis, we developed an
end-to-end model that integrates within-view reconstruction, cross-view align-
ment, and flow-based completion. Extensive experiments on multiple bench-
marks demonstrate that the proposed approach consistently achieves strong clus-
tering performance and remains robust under high missing rates.
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