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Abstract—Incomplete multi-view multi-label learning requires
not only robust semantic aggregation from partially observed
views, but also label-aware exploitation of view-specific evidence.
Existing approaches usually emphasize either shared represen-
tation learning or decision-level fusion. The former improves
robustness against missing views, yet tends to compress label-
discriminative view-specific cues into a single latent represen-
tation. The latter preserves individual view predictions, but
often relies on fixed or globally learned fusion weights, ignoring
that different labels of different instances may require different
views. To address these limitations, this paper presents V2L, a
unified representation-decision framework for incomplete multi-
view multi-label classification. On the representation side, V2L
constructs semantically consistent variational posteriors from
incomplete views through a perturbation-aware encoding mech-
anism, which provides a stable shared semantic basis. On the
decision side, V2L introduces an active view-label relevance
modeling strategy that estimates instance-wise and label-wise
view contributions, allowing each label prediction to adaptively
select useful view-specific evidence. From the perspective of
model architecture, these two important strategies are integrated
into a unified framework through a hybrid fusion architecture,
simultaneously meeting the requirements of cross-view semantic
consistency and representational complementarity. Extensive ex-
periments under both incomplete and complete settings show that
V2L achieves leading performance on five benchmarks. Code is
available at: https://github.com/justsmart/V2L.

Index Terms—Incomplete multi-view multi-label classification,
semantically consistent variational encoding, view-label relevance
modeling.
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Fig. 1. Schematic diagrams of the two core motivations. (a): Cross-view
encoding from different sources should maintain semantic consistency; (b):
Different views naturally have differences in describing the same label.

I. INTRODUCTION

ULTI-view multi-label learning aims to predict mul-

tiple semantic labels from heterogeneous observations
describing the same target [1]-[3]. It has become increasingly
important in applications such as image understanding, mul-
timedia retrieval, medical analysis, and multimodal content
reasoning, where different views often capture complementary
properties of an object and multiple labels are required to
express its semantic richness [4], [5]. In such scenarios,
effective learning depends on both exploiting cross-view com-
plementarity and modeling label-aware semantics.

In practice, however, multi-view multi-label data are rarely
fully observed [6]. Missing views arise from acquisition fail-
ures, cost constraints, privacy restrictions, or occlusion, while
missing labels are common due to annotation sparsity and
human omission [7]-[9]. As a result, incomplete multi-view
multi-label classification must simultaneously cope with par-
tial observations on the input side and incomplete supervision
on the output side. Compared with complete-data settings, this
dual incompleteness makes the learning problem substantially
more difficult, because the model must infer reliable semantics
from corrupted evidence while avoiding overfitting to noisy or
weakly informative views [10], [11].

From the perspective of multi-view representation learning,



a fundamental issue is how to learn a common semantic
representation under incomplete observations. Most existing
iM3C methods are built around a representation-centric phi-
losophy through shared representation learning, consistency
regularization, information bottleneck objectives, or variational
latent modeling [12], [13]: they first construct a common
latent representation from incomplete views and then apply
a multi-label classifier on top of it [14], [15]. This paradigm
is effective for mitigating missing-view perturbations, since
a shared representation can aggregate the target-relevant se-
mantics observed from different views [16], [17]. However,
such a design also introduces an implicit assumption: once
a sufficiently good common representation is obtained, all
labels can be predicted from the same fused evidence. This
assumption is often too restrictive for multi-label scenarios.

In multi-label prediction, different semantic labels may rely
on different evidence sources. For example, in the diagnosis
of multiple eye diseases, views derived from RGB images are
generally more suitable for detecting many typical visible le-
sions of diabetic retinopathy, whereas views describing Optical
Coherence Tomography (OCT) images are more beneficial for
identifying diabetic macular edema. Even for the same label,
the most reliable view may vary from one instance to another
due to noise, occlusion, or missing observations, which is
commonly overlooked by existing multi-label fusion methods
[3]1, [18], [19]. Therefore, we argue that the relationship
between views and labels is not globally fixed, but instance-
dependent and label-specific. We refer to this phenomenon as
view-label heterogeneity, as shown in Fig. 1(b).

These observations indicate that the problem should be ad-
dressed through two complementary mechanisms. The first one
aims to learn a robust shared semantic space from incomplete
observations, and the latter explicitly evaluates how much
each available view contributes to each label prediction, so
that label-specific complementary evidence is not suppressed
by global fusion. Motivated by this, we develop a unified
framework (V2L) that combines semantic consistency learn-
ing with view-label heterogeneity modeling. To be specific,
we propose a source-perturbation invariant encoding scheme
to preserve task-relevant information and strengthen cross-
view semantic consistency under incomplete observations, as
shown in Fig. 1(a). It is worth noting that when performing
perturbation alignment, we seek the greatest diversity. On
the decision side, we design an active view-label relevance
evaluation strategy that evaluates instance-wise and label-
aware view contributions for adaptive predictive fusion. In
this way, mid-level semantic fusion and late-stage decision
fusion are integrated rather than treated as isolated alternatives.
The resulting framework establishes a coherent path from
multi-view distribution consistency modeling to adaptive label-
aware decision aggregation. It preserves the advantages of
shared latent learning while avoiding the limitation that all
labels must rely on a single fused representation or on static
view weighting. Consequently, the proposed method provides
a unified solution that simultaneously enhances semantic rich-
ness, cross-view consistency, and label-sensitive predictive
adaptation for incomplete multi-view multi-label classification.

The main contributions of this work are summarized as

follows:

e We revisit incomplete multi-view multi-label classifi-
cation from a representation-decision perspective, and
identify view-label heterogeneity as a key limitation of
representation-only semantic fusion.

e We present V2L, a hybrid framework for iM3C, which
jointly models common semantic consistency and view-
label heterogeneity, thereby bridging representation-level
fusion and decision-level fusion in a unified paradigm.

e We develop a source-perturbation invariant encoding
mechanism to preserve task-relevant shared information
and enforce robust cross-view semantic consistency under
simultaneous view missingness and label incompleteness.

o We propose an active view-label heterogeneity modeling
strategy to characterize sample-specific and label-aware
view contributions, enabling adaptive predictive fusion
beyond static or globally learnable weighting schemes.

II. RELATED WORK

A. Multi-View Learning

Multi-view learning aims to jointly exploit multiple repre-
sentations of the same instance, where different views may
arise from distinct feature extractors, modalities, or data
sources [1], [20], [21]. By leveraging both shared and comple-
mentary information across views, it often yields more robust
and discriminative representations than single-view learning.
In unsupervised scenarios, multi-view clustering has become
one of the most representative directions. Early and influential
studies mainly focused on enforcing cross-view consistency
through co-training or co-regularization [22]. After that, multi-
kernel and graph-based approaches have shown strong ability
to integrate heterogeneous views [23], [24], while subspace-
based methods are especially effective for high-dimensional
data with latent low-rank structure [25]. Recent graph-based
developments have further explored high-order cross-view cor-
relations through tensorized adaptive consensus graph learning
[26], while anchor graph propagation has been employed to
improve the scalability of clustering under incomplete multi-
view observations [27]. Recently, deep variational multi-view
learning methods demonstrate outstanding performance while
providing a solid theoretical foundation [14], [28], [29].

Another important direction concerns incomplete multi-
view learning, where one or more views may be missing
during training or inference [30], [31]. To alleviate the effect
of missing observations. Existing methods mainly eliminate
the impact of missing views through two approaches: view
imputation or missing skipping [1]. For example, Liu et
al. [3] proposed to fill missing views in the latent space
based on the aggregation of nearest neighbor graphs across
samples; Lin et al. [32] adopted contrastive learning to pursue
consistent features and conducted cross-prediction to recover
missing views. View imputation methods inevitably increase
the computational complexity and also risk introducing redun-
dant noise. Conversely, the other approach typically introduces
prior missing information and masks the missing views during
forward and backward propagation [33], [34].



B. Multi-Label Classification

Multi-label classification aims to assign multiple semantic
labels to each instance and has been widely studied in visual
recognition, recommendation, medical diagnosis, and text un-
derstanding. Compared with single-label classification, its core
challenge lies not only in extracting discriminative features,
but also in characterizing complex dependency structures
among labels [3], [5]. Recent research has moved beyond
early problem-transformation strategies [35] and increasingly
focuses on more realistic and robust settings, such as weakly
supervised label discovery [36], single-positive annotation
[37], and prediction reliability [38]. For instance, Li et al.
[39] proposed an open-world multi-label text classification
framework under extremely weak supervision, where the label
space is not fully given in advance and must be progressively
discovered from raw documents. Recent studies have also paid
increasing attention to the trustworthiness of multi-label pre-
dictors. Chen et al. [40] introduced the multi-label confidence
calibration task and proposed a dynamic correlation learning
method to improve the reliability of confidence estimates in
multi-label recognition. Nevertheless, most multi-label clas-
sification methods are developed under single-view or fully
observed feature settings. Even when multiple modalities or
views are available, many methods still emphasize global
feature fusion while paying limited attention to the fact that
different labels may rely on different evidence sources [18],
[41]. This limitation becomes more pronounced in multi-view
scenarios, where some labels are naturally better explained by
specific views than others. Therefore, for the problem studied
in this paper, it is insufficient to only model label correlation or
to only strengthen the final classifier. What is further required
is a label-aware mechanism that can evaluate which view
contributes more to which label, and do so in an instance-
dependent manner.

C. Incomplete Multi-View Missing Multi-Label Classification

Incomplete multi-view missing multi-label classification
(iM3C) lies at the intersection of incomplete multi-view learn-
ing and incomplete multi-label learning. Its goal is to perform
reliable multi-label prediction when both view missingness
and label incompleteness are present simultaneously [4], [10],
[11]. Early work was only developed for a single missing
setting, making it difficult to handle the dual missing of
views and labels simultaneously, like GLOCAL [42], C2AE
[43], and CDMM [44]. The first known work for iM3C is
IMvML [33], which adopts matrix factorization to align the
multi-view data to the common latent space. Recently, more
works shift toward deep representation learning due to its
powerful feature extraction capabilities, such as DICNet [45]
and AIMNet [3]. These studies have established the basic
learning paradigm for iM3C and demonstrated that combining
multi-view complementarity with weak-label supervision can
yield substantial benefits.

However, current iM3C methods still exhibit two limitations
that are directly related to our motivation. First, many methods
prioritize building a robust shared representation but provide
limited treatment of how task-relevant information should be

preserved in a semantically sufficient manner under incomplete
observations. Second, existing methods ignore the dependency
between views and multiple labels, simply regarding iM3C
as a stacking task of representation learning and multi-label
classification. This cuts off the intrinsic connection between
multiple views and multiple labels. In other words, existing
methods failed to fully clarify the relationship between multi-
view semantic consistency learning and label discrimination.

ITI. PRELIMINARY
A. Problem Definition and Notations

Let {x(*)} | be m random variables describing the same
object from different views, where x) e R4 and let
y € {0,1}¢ be the corresponding multi-label random variable.
Denote by M = {1,2,...,m} and C = {1,2,...,c¢} the
complete index sets of views and labels, respectively. A
dataset with n observations (samples) is written as D =
({2 y)3r,, where 2" and y; are samplings of
variables x(*) and y.

Under the incomplete setting, not all views and labels are
observed for every sample. For the i-th sample, we denote by
V; € M the set of available views (or ¥V when no specific
sample is involved) and by G; C C the set of observed labels.
For the convenience of formal representation, we also define
two index matrices W € R™*™ and R € R"*¢ to indicate
which view or label is available:

Wi,vz{(l)’ ifve, 1, ifjeg

ij = . 1
7 {O, otherwise M

. )
otherwise

The two forms are equivalent in the sense that V; = {v € M |
W, =1},G;, ={j € C| R;; = 1}. Therefore, the goal of
incomplete multi-view multi-label classification is to learn a
predictor that maps incomplete multi-view observations to the
complete label space,

f : {mz('v)}UEVi =Y € [07 ”07 (2)

so that the semantic label can be accurately inferred under
simultaneous view and label incompleteness.

B. Task-Relevant Common Semantics in Multi-View Data

Although different views are obtained from heterogeneous
sources or feature extractors, they describe the same underly-
ing instance. Therefore, multi-view observations are expected
to share certain semantic information that reflects the common
properties of the target. Such common semantic information
provides the basic foundation for learning a unified multi-view
representation under incomplete observations.

To formalize this idea, we introduce a conceptual latent
variable s to denote the common semantic information shared
by multiple views. For each view x("), s represents the
semantic factors that can be supported by the corresponding
observation. This leads to the following assumption.

Assumption 3.1 (Task-related common semantics): For
multi-view observations describing the same instance, there
exists a latent semantic variable s that is shared by the views



and related to the label variable y. Formally, for each view
veM,

I(x™;s) >0, I(s;y) > 0. (3)

Here, s is used only as a conceptual variable to describe
the common semantic factor in multi-view data, rather than an
additional latent variable explicitly implemented in the model.
Under this assumption, a desirable multi-view representation
z should preserve the information carried by s. This motivates
the following proposition.

Proposition 3.2: If a multi-view representation z preserves
the common semantic information s shared by multiple views,
then z can serve as a common semantic representation of the
observed views.

C. Multi-view Information Bottleneck Framework

In principle, a properly constructed cross-view represen-
tation z can capture the information necessary for down-
stream prediction. However, raw multi-view observations often
contain substantial view-specific variations that are irrelevant
to the target. As a result, naive fusion may introduce such
irrelevant factors into z, leading to redundant information
that obscures the shared task-relevant signal and degrades
the predictability of z for y [14], [46]. These observations
motivate learning strategies that emphasize shared semantics
while suppressing view-specific irrelevant information, thereby
better preserving the sufficiency of z under realistic conditions.

According to the Data Processing Inequality, the Markov
chain {x(")},cy — z — y implies the mutual information
relationship among {x(")},¢y, z, and y:

I(z;y) < I({x"}oeviy). (4)

Hence, if the encoding process does not lose any information
useful for predicting y, then z is sufficient for y [47], namely,

I(z;y) = I({x"}oev:y). (5)

However, sufficiency alone is not enough, since a re-
dundant representation may still preserve large amounts of
view-specific nuisance information. Following the information
bottleneck principle, the desired representation should satisfy
both sufficiency and compactness, which leads to

min I({x"},ev;2) — I(z;y). (6)

Eq. (6) is the natural form of the information bottleneck theory
under the condition of multi-view learning. The first term
can be understood as the compression process of information
encoding, while the second term represents strengthening the
correlation between latent encoding and the task.

However, it should be noted that the above sufficiency as-
sumptions are not invulnerable. Although we expect different
views to semantically describe the target consistently, from an
information perspective, models built on such ideal assump-
tions may lead to the neglect of view-specific information.
Therefore, in this paper, in addition to pursuing semantic
consistency among multiple views by applying the multi-view
information bottleneck theory, we also propose to model the
view-label heterogeneity to supplement view-specific cues.

IV. METHODOLOGY

In this section, we first present our overall information
theory-based objective, and then propose four components
for optimizing this objective: source-perturbation invariant
encoding, dual-level posterior regularization, active view-label
relevance modeling, and multi-label classification. The overall
framework is shown in Fig. 2.

A. Overall Objective

We begin from the observation that incomplete multi-view
learning is essentially a problem of shared semantic extraction
under missing observations. Let x(*) and x(*) denote two
observed views with u # v, and let z denote the joint multi-
view representation. To characterize when z is sufficient for
downstream prediction, we consider the mutual-information
decomposition:

[(X(u);x(v)7z) - ](X(u);z | X(v)) + ](X(v);x(u)) -
— I(x;x") | 2) + I(z;x™),

which leads to

[(x(“); z | x(v)) = [(z;x(")) — [(x(v); x(")) + [(x(v);x(“) | z).

minimality gap consistency gap

@)
Eq. (8) reveals two desirable conditions for multi-view
representation learning. First, if z contains all the information
shared across views, then conditioning on z should remove the
residual dependence between views, i.e., [(x(*);x(*) | z) = 0.
Second, if z contains only the shared information, then its
mutual information with each view should match the shared
part between views, ie., I(z;x") — I(x(");x™)) = 0.
Under these two conditions, the conditional mutual informa-
tion I(x(");z | x(*)) vanishes, which formalizes the notion
of minimal sufficiency with respect to cross-view common
semantics.

Corollary 4.1: For any pair of views u # v, suppose
that z is a minimal representation that preserves the
task-related common semantic information shared by
x(®) and x(*). Then conditioning on x(*) makes x(*)
provide no extra information about z, i.e.,

I(x™:z | x™) =0,

This corollary provides the principle behind our representa-
tion learning objective: a desirable latent representation should
preserve valid information from each view while suppressing
view-private redundancy that is not supported by other views.
Therefore, combining Corollary 4.1 and the information bot-
tleneck design principle, we have the following representation
learning objective:

uFv
max € Z[(z;x(”)), s.t. L Z I(x(“>;z | x(”)) =0. 9
|V| vey ‘Vl u,veEY

Introducing a Lagrange multiplier 5 > 0, we obtain:

uFv
max |Tl}\ ZI(Z;X(”)) —-B- ﬁ z I(x(u);z | x(v)), (10)
veVY u,veEY
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Fig. 2. The main architecture diagram of our V2L. We adopt a multi-view variational encoder as the main framework. Cross-view semantic consistency is
achieved by maintaining the distribution unchanged by exchanging the corresponding elements among distribution clusters. The decisions on each label will
rely on different views, jointly forming a multi-view hybrid fusion structure. The missing index matrices are introduced to prevent unavailable views and

labels from participating in the training.

Eq. (10) captures the representation side of our framework,
namely, preserving view-valid information while enforcing
cross-view semantic consistency. Nevertheless, for incomplete
multi-view multi-label classification, this objective is still
incomplete because it does not explicitly account for task-
relevant label information. To make the learned representation
predictive for multi-label classification, we further maximize
the mutual information between the common latent repre-
sentation z and the target labels y, which yields the overall
objective:

uF v
1 1
max — I(z;x™) = B — Ix™;z | x™)
VI UGZV VI u,vzev )

+ M (zy),

where A > 0 balances representation consistency and task
relevance.

B. Source-Perturbation Invariant Cross-View Encoding

Having formulated the overall objective, we next consider
how to obtain a tractable variational form for its representation
part. The desired latent representation should satisfy two
requirements simultaneously. First, each latent component is
expected to retain the information carried by its associated
view (first term in Eq. (11)). Second, whenever different views
describe the same underlying semantics, the corresponding
latent posteriors should remain consistent across views (second
term in Eq. (11)). These two requirements naturally lead
to a variational encoding scheme with cross-view posterior
regularization.

Unlike existing variational frameworks that simply use sin-
gle probabilistic encoder (e.g., multi-layer perceptron (MLP))
to directly model a specific distribution to approximate
p(z|x®)) = () (z|x(*)), we employ a cluster of probabilistic
encoders to map the source data of each view to the latent

space of all views. For each available source view x(”), a
group of cross-view encoders is employed to model a cluster
of source-anchored distribution proposals:

{r7l(z | <) e,

where 7~!(z|x(*)) denotes a Gaussian posterior proposal
over the shared latent variable z, produced by the [-th target-
view-aware encoder head from the v-th source view. All pro-
posal posteriors are defined on the same shared latent space.
The index [ specifies the target-view-aware proposal head,
rather than a separate latent variable. These proposals provide
multiple latent projections induced by the same observed view,
so that the information carried by x(*) is examined from
different cross-view perspectives rather than from a single
encoder path alone.

Given a cluster derived from x(*), we further consolidate
this proposal cluster into a single view-specific posterior
r(®)(z|x()), denoted by:

r(zx™) = A{r 7 (21 hewm) = N (™, =),
where A(-) denotes the precision-weighted Gaussian aggre-
gation over the proposal cluster and the parameters p(*) and
() are obtained by:
n® _ I+ Z(Evﬁl)fl)fl7

lem

u(ﬂ) _ E(U)(Z (Ev—ﬂ)—luv—ﬂ)’
lem

where 77! (z|x() := (!, £V 7!) and T corresponds to
the standard Gaussian prior. Eq. (14) assigns larger weights to
proposals with smaller posterior variance, thereby suppressing
uncertain projections and retaining more reliable semantic
cues. In this way, r(*)(z|x(")) serves as the consolidated
posterior expert associated with view v. This “divergence-
aggregation” flow (v — M — v) provides the foundation
for our perturbation-consistency alignment.

12)

(13)

(14)



1) Variational Realization of Cross-View Semantic Consis-
tency: Returning to the first two terms in Eq. (11), we first
derive a tractable objective for preserving view-valid infor-
mation. For each available view v € V, the term I(z;x("))
measures how much information the latent posterior retains
about its source observation. By the definition of mutual
information, we have:

I( (v). )

= [ )

://P(X(” ,Z) logp(x(”)|z) dx(“)dz+H(x(”)),

Since H(x(")) > 0, maximizing I(x(*);z) can be lower-
bounded by maximizing the conditional log-likelihood of
reconstructing x(*) from z. Introducing a variational decoder
¢ (x(") | z), we obtain:

I(x (v) z) > Ep(x( ) Er(v)(z\x(v)) [Iqu(U)(X(m |Z)] (16)

Eq. (16) shows that a reconstruction objective naturally serves
as a variational surrogate for the first term in Eq. (11).
Intuitively, this term prevents the latent variable from being
overly compressed and preserves the information in each
observed view.

For the second term in Eq. (11), we consider the conditional
mutual information between x(*) and z given x(*), where u #
v:

I(x™;z | x(*))

[

= o) [DKL (P<z [, x) ot | )]

dx®dxVdz (17,

This expression indicates that reducing I(x(");z | x(*))
amounts to making the posterior of z conditioned on both
views close to the posterior conditioned only on view v.
Since the exact conditional mutual information involves the
intractable posteriors p(z | x™,x®) and p(z | x™)),
it cannot be directly evaluated. We therefore introduce the
following conditional mutual information (CMI)-motivated
posterior-consistency surrogate:

& = 2 D (r 7 | x) [z [ x))
lemM

(18)

The proposals compared in Eq. (18) are generated from
different source views but correspond to the same target-aware
head [. Minimizing their discrepancy encourages the target-
wise semantic posterior to remain invariant to the source view,
which is consistent with the desired zero-CMI condition. We
. (u,v) .. .

emphasize that S¢,;’ is an optimizable consistency surrogate
rather than an exact estimator or a variational bound of the
conditional mutual information.

Based on Eq. (16) and the CMI-motivated posterior-
consistency surrogate in Eq. (18), we instantiate the repre-
sentation learning objective using the following information
bottleneck loss Liy,:

Acib - Ltrc + ﬂ Ltconsis, (19)

where
Lre = v ZE @ @ [log g x| 2)],  @0)
veVY
and
uF v
Leconsis = Z Z DKL ’U*}l Z | X(v)) || r'u.*)l(z | X(u)))
u,veVIEM
21D

Here L,. preserves view-valid information and prevents over-
compression, while L5 encourages the latent posterior of
each target view to be consistently induced from different
observed views. Their combination provides a practical real-
ization of minimum sufficiency under incomplete multi-view
observations.

2) Source-Perturbation Invariance Modeling: Although the
regularizer Lconsis in Eq. (21) directly encourages cross-
view semantic consistency, a full enumeration of all ordered
view pairs may introduce unnecessary computational burden
and may also make the alignment process overly rigid. To
obtain a more scalable and robust mechanism, we further
introduce a perturbation invariance strategy based on random
exchange over the source-anchored posterior clusters rather
than iteration.

For a given available source view v, recall that it induces
a semantic proposal cluster {r'~!(z | x(*))};crs. We denote
the latent proposal cluster C(*) by:

C(v) — {T‘U_”(Z l X(v))}le/\/b

Each cluster can be viewed as a structured semantic descrip-
tion induced from one observed view and projected onto all
target latent subspaces. If different views encode the same
underlying semantics, then the corresponding elements in these
clusters should remain distributionally consistent even when
the source-view association is perturbed.

Based on this intuition, for each sample, we randomly
generate a perturbation mapping, m : V — )V over the set of
available views, where w(v) # v. We then replace the original
source association of the [-th proposal by its counterpart and
form a perturbed cluster:

cw) —

(22)

{rm =z | xTD) ug. (23)

Under the minimum-sufficiency principle introduced above,
if the semantic content encoded by different observed views
is consistent at the target-relevant level, then permuting the
source-view identity should not change the target-wise latent
semantics. This observation leads to the following corollary.

Corollary 4.2 (Source-perturbation invariance): If two
views are semantically equivalent with respect to the
target-relevant information, then exchanging their roles
as the source view does not alter the induced proposal
cluster, i.e., C®*) and C(") are equivalent in target-wise
distribution. Thus for VI € M, we have:

DKL(TU_”(Z | X(v))llrﬂ(v)—ﬂ(z | X(ﬂ(y)))) —0.

Moreover, the exchange scheme is designed to promote di-
versity across targets. For a fixed source view v, the exchanged



sources assigned to different targets are required to be non-
repeated:

m(v) # mp (v), ViU, LI'eM,

where m;(v) and 7j(v) denote [- and !’-th random mapping.
Equivalently, |{m;(v) : | € M}| = | M]|. Therefore, the target-
wise proposals are matched with semantically consistent yet
diverse source anchors, which avoids repeatedly contrasting
the same exchanged view across different targets and enriches
the supervision for cluster-level semantic alignment. To sum
up, instead of exhaustively matching all ordered view pairs,
we rewrite Lqongsis to regularize the discrepancy between the
original cluster and its permuted counterpart:

(24)

ﬁconsis

1 v v (v (v
= Z Z Dxu(r _’l(z|x( )l ( )= (z)x )))).

|V‘ veVileM

(25)

It is worth emphasizing that the proposed perturbation-
aware consistency loss does not assume that all views are
identical at the raw-input level. Instead, it only requires their
latent semantic proposals to remain consistent at the target-
relevant level. Therefore, the model is still allowed to preserve
moderate view-specific information through the reconstruction
pathway, while the perturbation-aware consistency regular-
ization suppresses view-private variations. This property is
particularly important under incomplete observations, where
directly enforcing hard alignment may amplify noise from
low-quality or partially missing views. By contrast, our per-
turbation consistency modeling provides a softer and more
efficient way to promote semantic cohesion across views while
maintaining sufficient flexibility for practical multi-view multi-
label prediction.

C. Dual-Level Posterior Regularization

While the source-perturbation invariant encoding promotes
distributional consistency among source-anchored semantic
proposals, it does not explicitly constrain the posterior co-
herence within each proposal cluster or the instance-level
discriminability among different observed views. To further
stabilize latent semantic learning, we introduce a dual-level
posterior regularization scheme, which consists of intra-cluster
posterior coherence regularization and cross-view instance-
level posterior discrimination.

a) Intra-cluster posterior coherence.: For a given ob-
served view v € V), the source-anchored proposal cluster
{r=!(z|x("))};er contains multiple latent proposals induced
from the same source observation. To reduce view-specific
drift within the proposal cluster, we encourage each source-
induced proposal to align with the corresponding view-specific
posterior (V) (z | x(¥)):

]‘ v v v v
Lintra = o7 ST Dr(r 7z | <) |7 (2] x™)). (26)
veVIeM
b) Cross-view posterior discrimination.: Beyond intra-
cluster posterior coherence, different observed views of the
same sample should remain close after semantic encoding,
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Fig. 3. Schematic diagram of view-label heterogeneity modeling. The active
perception network provides an instance-by-instance and view-by-view label-
aware relevance score for the logits of each view.

while representations from different samples should stay dis-
tinguishable. To this end, we regularize the view-level poste-
rior means through an instance-aware cross-view discrimina-
tion objective. Let ui”) € R? be the posterior mean associated
. . . ~(v) _ (v)
with the i-th sample under view v, and let fi; ' = fi,(p; ')
be its lo normalized form. For two samples ¢ and j under
L () 5w
views v and u, respectively, we define ngj,u) — <“771>7
where 7 > 0 is a temperature parameter. Then the cross-view

posterior discrimination loss is written as:

L exp (s
£cross = _% Z Z Wi,vWi;u IOg n p( “ ) .
> exp(s() W,

j=1

27
Eq. (27) implements a contrastive posterior regularizer: pos-
teriors from different views of the same instance are treated
as positives, whereas posteriors from different instances serve
as negatives. This encourages cross-view semantic consistency
while preserving instance-level discriminability.

Overall, our posterior regularization loss Lpost = 0 Lintra +
vLcross complements the perturbation invariance regulariza-
tion from two additional aspects: Lin,, improves the co-
herence of target-specific semantic proposals generated from
the same source view, while L.,oss strengthens instance-level
discriminability across different observed views. o and y are
the trade-off coefficients.

=1 v,u=1

D. Active View-Label Relevance Modeling

The representation learning objectives above mainly target
shared semantic sufficiency. However, returning to the overall
objective Eq. (11), the last term requires the learned repre-
sentation to remain maximally informative about the target
labels. A common realization is to maximize a variational
lower bound of I(z;y), which in practice reduces to mini-
mizing the binary cross-entropy (BCE) between the ground-
truth label and the model prediction. However, if this term
is instantiated only through a single predictor built on the
fused representation, then the optimization mainly rewards
globally shared semantics and may overlook two important
issues: (1) How different views contribute to final prediction?
(2) How to differentiate different labels? The former reflects
the need to explore the complementarity of multiple views,



while the latter emphasizes the importance of transitioning
from upstream representation learning to downstream multi-
label classification.

To cope with the two issues, in this section, we innovatively
propose the view-label heterogeneity modeling strategy, which
is motivated by the following observation: Different views
contribute differently to different labels at the instance level.

Definition 4.3 (View-label heterogeneity): For an in-
stance 1, let s( ") denote the predictive utility of view
v for label j. If there exist labels j; # jo or instances
i1 # i such that

)
,j17,é 1,52 orr

7417J ?é 12’J’

then the multi-view multi-label data exhibit view-label
heterogeneity.

This definition implies that the view relevant to one label
may be uninformative for another label, and such relevance
can further vary from one instance to another. This requires
us to move beyond simply mapping the joint representation
of multiple views to the label space, and instead model the
relevance between specific views and specific labels. To model
such view-label heterogeneity with fine granularity, it is clearly
insufficient to rely solely on mid-level multi-view fusion.
Therefore, we introduce decision-level fusion while mapping
joint features from multiple views to label prediction, forming
a hybrid multi-view fusion framework that combines mid-level
representation fusion and late-decision fusion.

For mid-level representation fusion, given view-specific
approximate distribution 7(*)(z|x(*)), we then construct the
joint approximate posterior by applying a PoE operation to all
available view-specific posteriors:

r(zlx”) == p(z) [ r"

veVY

) (z[x"), (28)

where xY {x("},cy and p(z) is treated as the Stan-
dard Gaussian for convenience. In implementation, the joint
latent representation used by the mid-level fusion branch is
sampled as z; ~ 7(z|x”) whereas the latent representation
associated with an available view v € )V is sampled as
2"~ () (zx(*)). Both z; and 2\") are obtained using the
reparameterization trick. The joint representation is commonly
used to produce a mid-level semantic prediction §:*id:

fszg (gmld )

where g(-) denotes the shared classifier, "¢ is the logit
score of mid-fusion, and fs;; means the Sigmoid activation
function. This branch mainly conveys the shared semantic
evidence retained by source-perturbation invariant encoding.
Meanwhile, for late-level decision fusion, each view-specific
representation is mapped to an individual decision branch:

A(v)

"mld

mid (29)

() = g™ (), = fuig(0)"), veEM, (30)

where KEU), g™, and g@ denote the logit, classifier, and
prediction corresponding to view v, respectively.

Given these view-specific logits {ng)}ve M, existing fusion
strategies are clearly insufficient, since the contribution of
a view is both label-dependent and sample-dependent. We
therefore stack the view- and instance-wise logits as a tensor
L= [d",... ™)', L € R™™ For the j-th label,
the corresponding logit L; ;. is fed into an active perception
network fo.+(-) to estimate the relevance of each view to that
label. The resulting relevance graph B € R™"*¢*™ js given
by:

B .. — exp (fact(Li,j,v))Wi,v
T exp (faet (i) ) Wi

which excludes unavailable views from the normalization. It
should be emphasized that our view-label heterogeneity aware
approach is very different from both static late-fusion strategy
and even view-level dynamic strategy that assigns equal weight
to instances within the same view.

Based on the relevance graph, the late-fusion decision
branch aggregates the view-wise logits in a label-aware man-
ner:

€29}

m

e =3By, 0.
v=1

The final prediction is then obtained by combining the mid-
level semantic logits and the late-stage decision logits in the
same logit space:

(32)

i = faig (OGP + £7°). (33)
In this way, the mid-level branch supplies semantically stable
shared evidence, whereas the late-stage branch preserves com-
plementary label-specific contributions from individual views.

Here comes the next question: How fo ensure that the
output of the active perception network fqci(-) is effective?
Intuitively, the predictive effectiveness of a view for a given
label should be directly reflected in its predictive performance.
Therefore, we attempt to establish a self-guided supervision
mechanism, that is, to supervise the learning of the active
perception network via quality discrimination regarding the
distribution modeled by the variational framework itself. Let
E be prediction error tensor of views, whose element is
calculated as:

Eijo,=— [yj log 9 + (1 — yi ;) log(1 — yf?)} (34)

We convert these errors into target relevance weights by:
- exp(—=Ei ;) Wi
Bi,]'ﬂ) = m )
2zt XP(—Eiju) Wiy

so that a view with a smaller prediction error receives a larger
target relevance. The resulting relevance regularization is

(35)

m

Iele = Z ‘gb |V | ZR i, ZWZ v 1,5,V Bi,]’,v)2- (36)

It is worth noting that, in order not to interfere with the
main variational framework, the calculation of error E and
target B is only employed to supervise the learning of the
active perceptron, thus ensuring the stability of training and
the independence of inference.



Algorithm 1 Training Procedure of V2L

1: Input:  Incomplete  multi-view data D
{({x™7}m | y)}, view index matrix W, label index
matrix R, training epochs 7', learning rate, and trade-off
coefficients (3, o, and .

2: Output: The parameters of encoders, decoders, classifiers,
and active perception network.

3:fort=1,....,T do

4: Compute source-anchored proposal cluster {r"~"(z |
x(")} e for each available view.

5: Aggregate proposal clusters by Eq. (13) to obtain
view-specific posteriors {r(*)(z | x(*))},cy.

6: Construct the common posterior 7(z | x") by Eq. (28)
and sample latent variables z.

7: Reconstruct each observed view by decoders
¢ (x™) | z) and compute L,..

8: Perform source-perturbation invariance matching and
comPUte Econsis, Eintra’ and £CI'OSS'

9: Sample view-specific representation zi(v) and joint
representation z; from r()(z | xV) and r(z | xY),
respectively.

10: Obtain the mid-level prediction §™¢ by Eq. (29) and
the view-specific predictions {y“fv) m . by Eq. (30) for
each sample 7.

11: Build the logit tensor L, infer the view-label relevance
graph B by Eq. (31), and obtain the late-fusion logits by
Eq. (32).

12: Compute the final prediction g; by Eq. (33), the target
relevance graph B by Eq. (35), and the relevance loss
l:rele'

13: Compute the information bottleneck loss L;, and the
posterior regularization loss Lyost = 0 Lintra + YLcross-

14: Compute the classification loss L5 on observed labels
and total objective £ by Eq. (38).

15: Update all network parameters by back-propagation
with respect to L.

16: end for

17: Return the trained V2L model for inference.

E. Multi-Label Classification and Overall Losses

According to the label index matrix R defined in the
problem formulation, only the labels in G; are involved in
supervised learning for the i-th sample. Therefore, the final
multi-label classification loss is defined on the observed labels
and hybrid prediction ¢;. Besides, since the adaptive decision
branch is built upon the view-wise predictions, each single-
view classifier should also retain sufficient predictive ability.
Introducing the view index matrix W, our overall multi-label
classification loss L.} is formulated as:

1 n
Accls = _E;
m

1 (v
g > Wi (g log ) + (1 — s ;) log(1 —
1
v=1

1 < N N
Gl > Riy[(yiilogdis + (1 - yiy)log(l — i)
1 j 1

a1
(37
Combining information bottleneck loss Lj},, posterior regu-
larization loss Lpost, view-label relevance loss Lycle, and the

classification loss L5, our overall training objective is given
by:

L= ['CIS + L:rele + Lib + £p05t~ (38)

where £ib = Ere + Bﬁconsis and Epost = Uﬁintra + V‘Ccross
imply three trade-off coefficients. In Eq. (38), the first two
terms instantiate the predictive realization of I(z;y), while
the remaining terms promote cross-view semantic consistency.
In this way, the predictive objective and the representation
objective are optimized within a unified framework.

To summarize the above components more clearly, the
overall training procedure of V2L is given in Algorithm 1.
The whole framework can be understood as two tightly
coupled stages within each iteration: first, the model learns
semantically sufficient and consistent latent representations
from incomplete multi-view observations; second, it performs
label-aware decision fusion based on the learned view-label
relevance graph and updates all parameters by minimizing the
unified objective.

FE. Complexity analysis.

Let b denote the mini-batch size, and let Cy,e and Cgec
denote the costs of one probabilistic encoder and decoder,
respectively. Since each available source view is processed by
m target-aware encoder heads, proposal generation requires
O(b|V|mCene) operations. The reconstruction and posterior
alignment terms require O(b|V|Cgec) and O(b|V|md) opera-
tions, respectively, while the batch-wise cross-view discrimi-
nation term has a worst-case complexity of O(b2|V|?d). PoE
fusion, multi-label classification, and active view-label fusion
introduce O(b|V|d), O(b(|V| + 1)dec), and O(b|V|c) costs,
respectively. Therefore, the main additional cost arises from
proposal generation and cross-view posterior discrimination
during training.

G. Remarks: On Shared Semantics and View-Label Relevance

Q1: Does the semantic consensus assumption contradict
the claim of view complementarity? No. The task-related
common semantic assumption is introduced at the represen-
tation learning level. It encourages the latent representation
inferred from incomplete views to preserve semantic infor-
mation that is commonly supported by multiple views and
relevant to the label space, thereby providing a stable basis
for cross-view alignment. This does not imply that different
views contribute equally to all labels, nor does it exclude label-
specific complementary evidence.

At the decision level, V2L retains an individual posterior
sample zl-(v), classifier ¢g(*), and logit vector 65”) for each
available view. These view-specific branches allow label-
discriminative evidence that is not fully represented by the
shared posterior to contribute through late fusion. The rel-
evance graph B then determines the contribution of each
available view separately for every instance and label. There-
fore, view complementarity in V2L refers to the preservation
and adaptive use of useful predictive differences, rather than
encouraging arbitrary disagreement across views.

Q2: Why do we model instance-wise label-wise view
relevance rather than using global view weights? Global



TABLE I
DETAILED STATISTICS ABOUT FIVE MULTI-VIEW MULTI-LABEL DATASETS.

Database # Sample  # Label # View # Label/#Sample
Corel5k 4999 260 6 3.40
Pascal07 9963 20 6 1.47
ESPGame 20770 268 6 4.69
IAPRTC12 19627 291 6 5.72
MIRFLICKR 25000 38 6 4.72

view weighting assumes that the contribution of each view is
fixed across labels and instances, which is overly restrictive
for incomplete multi-view multi-label learning. In real sce-
narios, view importance can vary with both the target label
and the input instance. Moreover, solely relying on a fused
representation may suppress fine-grained view-specific cues
that are useful for particular labels. By estimating instance-
wise label-wise view relevance, our model explicitly captures
such heterogeneous dependencies and adaptively aggregates
view-specific predictions. This enables the model to benefit
from both robust shared semantic fusion and flexible label-
specific complementary fusion.

V. EXPERIMENTS

A. Experimental Settings

1) Datasets: Following recent iM3C studies [3], [10], [45],
we evaluate the proposed method on five widely-used multi-
view multi-label benchmarks: CorelSk [48], Pascal07 [49],
ESPGame [50], IAPRTC12 [51], and MIRFLICKR [52]. For
all datasets, each instance is represented by six visual views,
namely GIST, HSV, DenseHue, DenseSIFT, RGB, and LAB.
We use the same feature settings and benchmark splits as the
existing iM3C literature to ensure fair comparison. Detailed
statistics are listed in Table I, and we briefly introduce these
datasets as follows:

o Corel5k is a widely used benchmark for image annotation
and multi-label classification, containing 4,999 images
and 260 semantic labels. Each image is usually associated
with 1 to 5 tags.

e Pascal07 is derived from the PASCAL VOC 2007 bench-
mark and contains 9,963 images with 20 object cate-
gories. It is one of the most popular datasets for eval-
uating visual recognition methods.

e ESPGame consists of 20,770 images collected from an
online image-labeling game and is annotated with 268
labels. Each image contains an average of 4.69 semantic
labels.

e IAPRTCI2 is a large-scale benchmark for image anno-
tation and retrieval, containing 19,627 images and 291
categories. Each image can be associated with up to 23
labels.

e MIRFLICKR contains 25,000 images collected from
Flickr and includes 38 semantic categories. It provides
relatively rich user-generated annotations for multi-label
visual understanding.

2) Construction of incomplete data: To simulate the incom-
plete multi-view missing multi-label setting, we follow the

standard protocol used in previous iM3C studies [10], [14],
[33], [45]. Specifically, for each dataset, we randomly remove
a certain proportion of instances on each view while ensuring
that every sample has at least one available view. Meanwhile,
for each sample, we randomly mask a proportion of positive
and negative labels as unknown. Unless otherwise specified,
the missing-view ratio and missing-label ratio are both set to
50%. After constructing the incomplete datasets, we randomly
split each dataset into training, validation, and test subsets
with proportions of 70%, 15%, and 15%, respectively. During
training, only the observed views and known labels are used
according to the corresponding index matrices. During testing,
incomplete views are provided as input, while the evaluation
is conducted against the complete ground-truth labels.

3) Competitors: To evaluate the performance of our pro-
posed V2L, we compare our method with representative
methods from three related categories, including complete
multi-view multi-label methods CDMM [44] and LVSL [41],
incomplete multi-label learning method DM2L [7], and ded-
icated iM3C methods iMVWL [33], NAIM3L [10], DICNet
[45], DIMC [53], MSLPP [54], SIP [14], and QARF [55]. For
methods that are not originally designed for simultaneous view
and label incompleteness, we follow the standard adaptation
protocol used in prior work [10], [41]: missing views are
imputed by the corresponding average feature, and unobserved
labels are excluded from the supervised loss. For the fairness
of comparison, we use the released code and tune the hyper-
parameters according to the recommended settings.

4) Evaluation Metrics: In order to be consistent with the
existing work, we report six standard multi-label metrics,
including Average Precision (AP), Hamming Loss (HL), Rank-
ing Loss (RL), Area Under the ROC Curve (AUC), One-
Error (OE), and Coverage (Cov). To keep the direction of all
criteria consistent, we report 1-HL, 1-RL, 1-OE, and 1-Cov
together with AP and AUC, so that larger values indicate better
performance in every case. Following the common protocol
in multi-label evaluation, the final results are reported as the
mean and standard deviation over 10 folds.

5) Implementation Details: Our V2L is implemented in
PyTorch. Unless otherwise stated, the latent dimension is set
to 512, the batch size is set to 128, and the model is optimized
by Adam with learning rate 1 x 1073, The total training epoch
number is 100, where the first 10 epochs are used as a warm-
up stage before activating the view-label relevance supervision
term. The trade-off coefficients are selected on the validation
set from the candidate ranges used in training.

B. Experimental Results and Analysis

1) Experiments on Incomplete Settings: To verify the per-
formance of our V2L, we first report the main comparison
results under the standard doubly-incomplete setting, where
both the view missing rate and the label missing rate are
fixed at 50%. The quantitative results are summarized in
Table II. The advantage of V2L is not limited to a single
evaluation criterion. Improvements on AP and AUC indicate
that the learned representation provides reliable global ranking
of labels, while gains on 1-OE and 1-Cov suggest that the



TABLE II
EXPERIMENTAL RESULTS OF ELEVEN METHODS ON FIVE DATASETS UNDER 50% MISSING VIEWS AND 50% MISSING LABELS. STANDARD DEVIATION IS
LISTED IN THE LOWER RIGHT CORNER. THE BEST RESULT IS MARKED IN BOLD.

Data  Metric CDMM DM2L LVSL iMVWL  NAIM3L DICNet DIMC MSLPP SIP QARF Ours
AP 71 0.3540004  0.262000s  0.3420004  0.2830008  0.309.004  0.3810004  0.3530006  0.4130008  0.4180000  0.4110008  0.4260011
1-HL T 0.9870000  0.9870000  0.9870000  0.9780000  0.9870000  0.9880.000  0.9870000  0.9880000  0.9880000  0.9880.000  0.9880.000

é 1-RL 1 0.8840003  0.8430002  0.8810003  0.8650005  0.8780002  0.8820004  0.8670001  0.901o003  0.9110003  0.9000004  0.9150.003

g AUC 1 0.8880003  0.8450002  0.8840003  0.8680.00s  0.881o0o2  0.8840004  0.8700001  0.9030004  0.9130003  0.9020004  0.9160.003

O 1-OE 1t 0.4100007  0.2950014  0.3910000  0.311001s  0.3500000  0.4680007  0.4220015  0.4850010  0.48%.016  0.4920013  0.4940.013
1-Cov T 0.7230007  0.647000s  0.7180006  0.7020008  0.725000s  0.7270011  0.6840011  0.7660000  0.7870000  0.7610000  0.7930.008
AP 1 0.5080.00s  0.471o00s  0.504000s  0.4370018  0.4880003  0.5050012  0.5320002  0.5440010  0.5550010  0.5560007  0.5620.008

- I-HL 1 0.931o001  0.9280001  0.9300000  0.8820004  0.9280001  0.92%001  0.931o0or  0.9320001  0.9310001  0.9310001  0.9340.001

S 1-RL 1 0.8120004  0.761o00s  0.8060003  0.736001s  0.7830001  0.7830008  0.8130000  0.8190.006  0.8300.004  0.8280004  0.8360.004

§ AUC 1 0.8380003  0.779.004  0.8320002  0.7670015  0.8110001  0.809.006  0.8330002  0.8410004  0.850000s  0.8470004  0.8580.003
£ I-OE T 0.419u008  0.4200011  0.4190.008  0.3620023  0.421looos  0.4270015s  0.4560011  0.4660014  0.4640018  0.47loorr  0.4730.010
1-Cov T 0.759%.003  0.6920004  0.75lo00s  0.677001s  0.7270002  0.731000s  0.7690007  0.7710003  0.7830006  0.780000s  0.7930.004
AP 1 0.2890.003  0.2120002  0.2850003  0.2440005  0.2460002  0.2970002  0.2870002  0.3100004  0.3110004  0.3070004  0.3210.005
© 1-HL T 0.9830000  0.9820000 0.9830000  0.9720000  0.9830000  0.9830000  0.9830000  0.9830000  0.9830000  0.9830000  0.9830.000
g 1-RL 1 0.8320001  0.781ooor  0.829.001  0.8080002  0.8180002  0.8320001  0.821oooo  0.8430002  0.8490.002  0.8420001  0.8530.002

E AUC 1 0.8360001  0.7850001  0.8330002  0.8130002  0.8240002  0.8360001  0.8260000  0.8470002  0.8530002  0.8460001  0.8570.002

% 1-OE 1 0.3960.00s  0.2940006  0.38%.004  0.3430013  0.3390003  0.4390.007  0.4350000  0.4570012  0.4550007  0.4480000  0.4670.011
1-Cov T 0.5740004  0.4880003  0.567000s  0.5480004  0.571ooos  0.5930003  0.5620004  0.6220005  0.6280005  0.6510004  0.6380.005
AP 1 0.3050004  0.2340003  0.3040004  0.2370003  0.2610001  0.3230001  0.3080001  0.340000s  0.3310006  0.3380004  0.3490.005

S 1-HL 1 0.981o000  0.9800000 09810000  0.9690.000  0.9800000  0.98loooo  0.9800000  0.9810000  0.9800000  0.981o000  0.9810.000

3 1-RL 1 0.8620002  0.8230002  0.8610002  0.8330002  0.8480.001 0.8730001  0.8640000  0.8820002  0.8850003  0.8820002  0.8930.002

z AUC 1 0.8640002  0.8250001  0.8630001  0.8350001  0.8500001  0.8740000  0.8640000  0.8830002  0.8860002  0.8830002  0.8930.002

% 1-OE 1 0.4320008  0.3400006  0.4290.000  0.3520008  0.390000s  0.4680002  0.431ooos  0.4740008  0.4630000  0.4710011  0.4820.001

= 1-Cov 1 0.5970004  0.5290004  0.5970004  0.564000s  0.5920004  0.6490.001  0.5970004  0.6720006  0.6750007  0.6680.005  0.6940.006
AP 1 0.5700002  0.5140006  0.5530002  0.4900012  0.55l0002  0.58%.00s  0.6020002  0.6150004  0.6140004  0.6160004  0.6210.003

‘é 1-HL 1t 0.8860001  0.8780001  0.8850001  0.83%.002  0.8820001  0.8880.002  0.8880000  0.8920001  0.8910001  0.8920001  0.8950.001

) I-RL 1 0.8560001  0.8310003  0.8560001  0.8030008  0.8440001  0.8630004  0.8650001  0.879%002  0.8770002  0.8800003  0.8810.003

d AUC 1t 0.8460001  0.8280003  0.8440001  0.7870012  0.8370001  0.8490004  0.8520001  0.8650002  0.8600003  0.8660002  0.8720.002

& 1-OE T 0.6310004  0.5100008  0.6070004  0.511o022  0.5850003  0.6370007  0.6470007  0.6670007  0.6620008  0.6620008  0.6730.007

= 1-Cov T 0.6400001  0.604000s  0.6360001  0.5720013  0.6310002  0.6520007  0.6610003  0.679%.003  0.6780.003  0.6830003  0.6830.003

adaptive decision branch helps identify the most confident
labels more accurately. This is consistent with the design
of V2L: the semantic encoding branch stabilizes the latent
space under missing views, whereas the view-label relevance
branch refines label-wise decisions by exploiting view-specific
evidence.

These results validate the effectiveness of the two core
components in our framework. The source-perturbation invari-
ant encoding preserves shared task-relevant semantics from
incomplete observations, which directly benefits holistic met-
rics such as AP and AUC. Meanwhile, the active view-label
relevance modeling performs instance-wise and label-aware
predictive fusion, which further improves ranking-oriented cri-
teria such as 1-RL, 1-OE, and 1-Cov. Compared with existing
methods that mainly emphasize either shared latent learning
or global late fusion, V2L better couples cross-view semantic
consistency with label-sensitive decision aggregation, thereby
producing more reliable predictions in the iM3C setting.

2) Experiments on Complete and Varying Missing Settings:
To further examine whether the superiority of V2L is limited to
incomplete scenarios, we additionally evaluate all methods on
the fully observed setting without missing views or labels. The
radar plots in Fig. 4 show that V2L still remains among the
top-performing methods across different datasets and evalua-
tion metrics. This observation is important because it indicates
that our model does not gain its advantage merely from
specialized missing-data handling. Instead, the learned shared
representation and adaptive view-label fusion strategy also

generalize well to the ideal complete-data regime, showing
that V2L is a unified multi-view multi-label learner rather than
a method tailored only for degraded inputs.

In addition, to investigate the influence of different miss-
ing patterns, we visualize the results under varying view
and label missing rates in Fig. 5. Specifically, we fix one
missing rate at 50% and change the other from O to 0.7.
A clear performance decline can be observed as either type
of missingness increases, which agrees with the intuition that
both missing observations and missing supervision reduce the
available discriminative information. At the same time, the
degradation caused by increasing the view missing rate is
generally more pronounced than that caused by increasing the
label missing rate. This suggests that, although incomplete
supervision is harmful, the loss of observed views more
directly weakens cross-view semantic aggregation and reduces
the complementary evidence available for label prediction.
Overall, these results confirm that V2L maintains favorable
performance over a broad range of missing conditions and
degrades in a stable rather than abrupt manner.

C. Study of View-Label Heterogeneity

In this section, to verify the effectiveness of our view-label
heterogeneity modeling strategy, we visualize the view-label
relevance graph predicted by the proposed active perception
network in Fig. 6. Specifically, we conduct experiments on the
complete Pascal07 and MIRFLICKR datasets, and randomly
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Fig. 4. Experimental results of eleven methods on the five full datasets without any missing views or labels. The center of the radar map shows the worst

results and the vertexes mean the best results on the six metrics.
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select two instances from each dataset for case study. For each
instance, we plot the heat map of the correlations between its
six views and the first 20 labels. These visualizations provide
a direct way to examine whether the model indeed learns
instance-wise and label-aware view contributions, rather than
relying on static view fusion.

Three observations can be drawn from Fig. 6: (1) The heat
maps of different instances are clearly different even within the
same dataset, indicating that the contribution pattern of views
is instance-dependent rather than globally fixed. This obser-
vation supports our motivation that view relevance should be
dynamically evaluated for each instance. (2) For any instance,
labels exhibit substantially different dependencies over the six
views. In other words, the contribution of the same view to the
prediction of different labels varies. This phenomenon directly

confirms the necessity of modeling view-label heterogeneity
instead of assigning identical fusion weights to all labels. (3)
From a complete view perspective, the imbalance among views
is also clearly observable. For example, we can intuitively find
that view O shows relatively weak discriminative ability on
both datasets, while some other views contribute much more
strongly to the final prediction. Compared with MIRFLICKR,
such an imbalance is even more pronounced on Pascal07,
where the dominant and weak views are more distinctly
separated. These observations further justify the necessity of
our composite predictive strategy, i.e., the mid-level fusion
captures shared semantics, while the late-fusion adaptively
reweights view-specific evidence for each label. Therefore,
the visual results not only validate the existence of view-
label heterogeneity, but also demonstrate why an instance-wise
label-aware post-fusion mechanism is essential for effective
multi-view multi-label prediction.

The low relevance of some views can be explained by
differences in feature discriminability and information redun-
dancy. For example, view O corresponds to GIST, which
mainly captures global spatial structure and may be less
informative than local appearance, color, or texture features
for object- and tag-oriented labels. Moreover, B; ; , measures
the normalized relative contribution among available views
rather than absolute usefulness. Thus, a view may receive a
low weight when its evidence is less reliable or redundant with
that of stronger views, without being entirely uninformative.
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Fig. 6. Illustration of view-label heterogeneity modeling. We visualize the heat map of view-label relevance graph of two random instances from the Pascal07
and MIRFLICKR datasets (Only the first 20 tags of the Pascal07 dataset are displayed due to space limitations).
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Fig. 7. Impact of different information-balance parameter 8 on loss Lye,
Lconsis, and AUC.

D. Study of Information Bottleneck Design

In this subsection, we further analyze the self-supervised
representation learning part in the overall objective in Eq. (11),
namely the first two terms that are instantiated by the infor-
mation bottleneck loss L;, in Eq. (19). Recall that Ly, =
Lre + BLconsis, Where L. encourages each view-specific
latent variable to preserve valid information for reconstruc-
tion, while L.onsis suppresses view-private redundancy and
promotes cross-view semantic consistency. Therefore, the key
issue is how to choose the trade-off coefficient 5 so that the
learned representation remains both sufficiently informative
and compact.

To study this balance, we vary 3 and visualize the corre-
sponding changes of L., Lconsis, and AUC on MIRFLICKR
and Pascal07 datasets, as shown in Fig. 7. A clear trade-off
can be observed: When [ is too small, the reconstruction
term dominates the optimization, so the model tends to retain
more view-specific details. Although this behavior keeps L;e
low, the consistency regularization is not strong enough to
sufficiently remove non-shared information across views, and
the final AUC is therefore suboptimal. In contrast, when
£ becomes too large, the model overemphasizes semantic

compression and aggressively minimizes L.qpsis- This causes
Ly to increase noticeably, indicating that part of the view-
valid information useful for reconstruction has been discarded,
which also leads to a decline in predictive performance.

The best results are obtained in the middle range of 3, where
the two objectives reach a favorable balance (In Fig. 7, we can
see the best § = 1e0). At this stage, the model neither overfits
to view-specific redundancy nor over-compresses the latent
representation, preserving enough valid information for la-
tent encoding while enforcing sufficient semantic consistency
across views. These observations verify that the effectiveness
of our information bottleneck design does not come from
reconstruction or consistency alone, but from their coordinated
interaction. In other words, the two terms of L;, indeed play
complementary roles in encoding both semantically aligned
and informative representations for downstream multi-label
prediction.

E. Ablation Study

To evaluate the contribution of each loss component in V2L,
we conduct loss function ablation experiments on Corel5k
and Pascal07 under 50% missing views and 50% missing
labels. Specifically, we remove the posterior regularization loss
Lpost, the information bottleneck loss Li,, and the relevance
regularization L}, individually or in combination, and report
the results in Table III. Several observations can be drawn:
The complete model achieves the best performance on all
metrics across both datasets, showing that the three losses are
complementary rather than redundant; Removing any single
loss causes a clear performance drop, which verifies that
representation alignment, semantic compression, and view-
label relevance learning all contribute to the final prediction
quality. Among them, removing L;}, leads to the most obvious
degradation in most cases, especially on AP, AUC, and 1-
Coyv, indicating that the self-supervised information bottleneck



TABLE III
ABLATION RESULTS WITH RESPECT TO LOSS FUNCTIONS ON CORELSK AND PASCALO7 DATASETS UNDER 50% MISSING VIEWS AND 50% MISSING
LABELS. ‘W/O’ MEANS ‘WITHOUT’.

Method Corel5k Pascal07
AP 1-HL 1-RL  AUC 1-OE  1-Cov AP 1-HL 1-RL  AUC 1-OE  1-Cov
V2L w/o Lpost Lib Lrele | 0.352 0986 0.864 0.867 0428 0.702 | 0527 0926 0815 0835 0426 0.767
V2L w/o Lip, Lrele 0.374 0987 0.891 0.893 0.441 0.752 | 0.534 0929 0.824 0.844 0427 0.777
V2L w/o Lpost Lrele 0390 0986 0.898 0.900 0464 0.762 | 0.541 0928 0.827 0.845 0.444 0.780
V2L w/o Lpost Lib 0371 0987 0.865 0.867 0463 0.700 | 0.526 0926 0.813 0.833 0426 0.763
V2L w/o L ele 0.404 0987 0906 0908 0.481 0.779 | 0.546 0930 0.833 0.852 0.443 0.787
V2L w/o Lpost 0.401 0987 0901 0903 0479 0.769 | 0.546 0.929 0.828 0.846 0448 0.782
V2L wlo L;p 0.395 0987 0.894 0.896 0473 0.756 | 0.539 0.929 0.823 0.842 0439 0.776
V2L 0.426 0988 0915 0916 0494 0.793 0.562 0934 0.836 0858 0473 0.793

TABLE IV

ABLATION RESULTS WITH RESPECT TO FUSION STRATEGY AND MISSING-INDEX GUIDANCE ON COREL5K AND PASCALO7 DATASETS UNDER 50%
MISSING VIEWS AND 50% MISSING LABELS. ‘W/0O’ MEANS ‘WITHOUT’.

Method Corel5k Pascal07
AP 1-HL 1-RL AUC 1-OE  1-Cov AP 1-HL 1I-RL  AUC 1-OE  1-Cov
V2L w/ static fusion 0416 0987 0905 0908 0.498 0.783 0.551 0931 0.831 0.853 0450 0.788
V2L w/ passive fusion 0.412 0987 0907 0910 0484 0.782 | 0.550 0929 0.831 0.854 0.448 0.790
V2L w/o late fusion 0.421 0988 0910 0913 0493 0.790 | 0.559 0934 0.834 0.857 0471 0.790
V2L w/o perm. consist. | 0.405 0987 0.906 0.908 0.486 0.788 0.554 0933 0.826 0.852 0462 0.783
V2L w/o view index 0.398 0.987 0900 0903 0.480 0.769 0.540 0930 0.825 0.847 0450 0.779
V2L w/o label index 0.403 0987 0906 0909 0468 0.781 0.532 0928 0.833 0.853 0435 0.789
V2L 0.426 0988 0915 0916 0.494 0.793 0.562 0934 0.836 0.858 0473 0.793

design provides the most fundamental support for learning dis-
criminative and semantically sufficient latent representations;
When multiple losses are removed simultaneously, the per-
formance declines further, and the worst results are obtained
when all three auxiliary losses are discarded, which further
confirms the necessity of jointly optimizing these components
in the proposed framework.

In addition to the loss functions, we further investigate
the effect of the proposed active post-fusion strategy and the
prior missing index guidance. The corresponding results are
reported in Table IV. To be specific, replacing the proposed
instance-wise label-aware fusion with static fusion (All avail-
able views are assigned equal weight in late-fusion, “V2L
w/ static fusion”) or passive fusion (All available views are
weighted by a group of learnable view-level parameters, “V2L
w/ passive fusion”) leads to degrade overall performance on
both datasets. It’s easy to find that these simpler variants
underperform the complete V2L on the most representative
metrics such as AP, AUC, and 1-OE, indicating that fixed or
globally learnable view weights are insufficient to capture the
complex view-label heterogeneity in iM3C. In contrast, our ac-
tive perception-based fusion can adapt the contribution of each
view to different labels at the instance level, thereby yielding
more customized fusion. Furthermore, we completely removed
the late-fusion strategy, employing only a combination of mid-
level fusion and a classifier (i.e., representation-only fusion
version published in [56], termed “V2L w/o late fusion”).
Experimental results show that if the decisions of each branch
are not properly balanced, the hybrid fusion approach may
actually lead to worse results due to decision conflicts.

In addition to the ablation of fusion strategies, removing
the missing-view index matrix W or the missing-label index

0.01 0.01
12 10 0.001 12 0.001
100 100

(a) Corel5k (b) Pascal07

Fig. 8. Hyper-parameter sensitivity analysis of v and o on CorelSk and
Pascal07 datasets with 50% missing views and labels.

matrix R also degrades the model, which confirms the ne-
cessity of explicitly incorporating prior missing information
into the learning process. In particular, masking the missing-
view information causes a more obvious overall drop on both
datasets, showing that reliable identification of available views
is crucial for both semantic aggregation and adaptive decision
fusion. These results further support that the advantage of V2L
comes not only from stronger information-centered learning
objectives, but also from a more appropriate fusion mechanism
and explicit missing-aware modeling.

F. Hyper-Parameter Analysis

In this subsection, we further analyze the sensitivity of the
two trade-off coefficients v and o in the overall optimization.
Fig. 8 reports the performance variations on CorelSk and
Pascal07 under different parameter combinations. Overall, the
two datasets show a consistent tendency: V2L is relatively



TABLE V
COMPARISON OF RUNTIME, PARAMETER COUNT, AND PEAK GPU MEMORY CONSUMPTION ON THE CORELS5K DATASET WITH 70% TRAINING SAMPLES.
RUNTIME IS REPORTED IN SECONDS, PARAMETER COUNT IN MILLIONS, AND GPU MEMORY IN MB.

Metric Method CDMM DM2L LVSL iMVWL NAIM3L  DICNet DIMC MSLPP SIP QARF V2L
Training time (s) 16.02 71337  63.73 165.82 143.63 313.89 141.85  4889.84  336.11 134.03 507.13
Inference time (s) 1.73 0.04 0.64 0.02 0.01 0.05 0.04 0.05 0.01 0.02 0.03
Parameters (M) - - - - - 187.232  111.142  82.897 34.824 81.265 73.377
Peak GPU memory (MB) - - - - - 2895.40  2172.65 129559 1031.64 1271.72  1803.68

stable when both coefficients are chosen in a moderate range,
whereas excessively large values of either parameter lead to
clear performance degradation. More specifically, when ~ is
too small, the cross-view posterior regularization effect is
insufficient, so the latent representations cannot fully benefit
from the shared semantics among incomplete views. As a
result, the model tends to preserve more view-specific dis-
turbance and the final prediction quality is suboptimal. On
the contrary, when v becomes too large, the regularization
constraint becomes overly strong and suppresses necessary
view-specific discriminative cues, which is unfavorable for our
view-label heterogeneity modeling. A similar phenomenon can
also be observed for o: Small or moderate o helps maintain
effective information bottleneck-based regularization, while
overly large o causes obvious performance drop, especially
on Corel5k when o increases to 10 or 100.

According to Fig. 8, the best results are generally achieved
when 7 is selected around 1072 ~ 10! and o is selected
around 10~! ~ 10%. In this region, the model can reach a
favorable balance, leading to consistently strong performance
on all datasets.

G. Time Cost Study

We evaluate the computational cost of all methods on
Corel5k using the same data split, with 70% of the samples
for training. Because model training time is highly sensitive
to convergence criteria, we measure all methods under their
default convergence settings. For single-view methods, we
record the total training time summed over all views, and
the inference time for a single view. For DICNet, SIP, and
PCVE, we conduct 100 epochs for the training phase. As
reported in Table V, V2L requires 507.13 seconds for training.
Although this is higher than several simpler baselines due
to the proposal encoders, posterior regularization, and hybrid
fusion architecture, it remains lower than DM2L and MSLPP.

V2L requires only 0.03 seconds for inference because the
reconstruction decoders and posterior regularization terms are
used only during training. In terms of model resources, V2L
contains 73.377 million trainable parameters and consumes
1803.68 MB of peak GPU memory. Its parameter count is
lower than those of DICNet, DIMC, MSLPP, and QARF, while
its memory consumption is lower than those of DICNet and
DIMC. Overall, V2L introduces moderate and manageable
training overhead while maintaining efficient inference. Pa-
rameter count and GPU memory are reported only for neural
methods, since these metrics are not directly comparable for
conventional optimization-based methods.

VI. CONCLUSION

In this paper, we have presented V2L, a unified framework
for incomplete multi-view multi-label classification. From the
perspective of multi-view representation learning, we argue
that reliable prediction under incomplete observations should
be built upon semantically consistent representation learn-
ing. Accordingly, we develop a source-perturbation invariant
encoding scheme to preserve task-relevant shared informa-
tion while suppressing view-specific redundancy, so that the
learned latent representations remain both informative and
consistent across views. From the perspective of view-label
heterogeneity modeling, we further emphasize that shared
semantics alone are not sufficient for multi-label prediction,
since different labels may depend on different views in an
instance-dependent manner. Therefore, we introduce an active
view-label relevance modeling strategy to characterize label-
aware and sample-specific view complementarity beyond static
fusion. These two strategies are finally integrated through a
hybrid fusion architecture that combines mid-level semantic
fusion and late-stage adaptive decision fusion within a unified
model. The former provides stable shared semantic evidence
for incomplete multi-view representation learning, while the
latter preserves complementary view-specific cues for label
prediction. Extensive experiments and analyses on benchmark
datasets verify that this design yields both superior predictive
performance and interpretable view-label relevance patterns.

The proposed strategy may also be extended to other incom-
plete multi-view or multimodal tasks: the source-perturbation
invariant encoding can provide robust shared representations,
while the active relevance mechanism can model target-
dependent contributions from different information sources
[57]-[59]. Extending V2L to tasks such as multimodal diag-
nosis, multi-sensor recognition, and multimedia understanding
by designing task-specific relevance supervision and prediction
objectives is an important direction for future work.
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