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Abstract
Incomplete multi-view multi-label classification aims to ac-
curately predict labels for each sample in the face of some
missing views. Due to its widespread presence in real-world
scenarios, it has become an extensively researched topic. In
addition to the challenges brought by missing views, it also
encounters issues caused by redundant views, whose inclu-
sion fails to make a positive contribution to performance. In
this paper, we make the first attempt to take advantage of
diffusion models to address the missing view problem and
design a strategy to identify and remove redundant views.
Specifically, we train a diffusion model conditioned on the
pseudo-labels to recover information of missing views. The
learned diffusion model can carry data distribution knowl-
edge in training split to the data. Regarding redundant iden-
tification strategy, it is designed by considering both the ad-
ditional information of views and the classification difficulty
level of samples, thereby adaptively identifying and removing
redundant views. We conduct extensive experiments on five
datasets, and the proposed method achieves favorable perfor-
mance against several state-of-the-art methods on the multi-
view multi-label classification task.

Introduction
Multi-view data, which involves the collection of data from
different media, is ubiquitously present in the real world
(Zhang et al. 2013b; Wang et al. 2021). Multi-label data
(Sun et al. 2024), capable of representing complex relation-
ships in the real world, is also becoming prevalent. Based on
the characteristics of the data, multi-view multi-label learn-
ing is proposed (Fang and Zhang 2012), where the data un-
der this scenario includes information from multiple views
while concurrently belonging to several categories. Multi-
view multi-label learning has garnered considerable research
interest (Liu et al. 2015; Tan et al. 2018; Wang et al. 2022).
Among this, the problem of multi-view multi-label classifi-
cation (MVMLC) stands as a primary focus of investigation.
It necessitates the extraction of features from the views and
the fusion of these features, followed by mapping them onto
the label space.

In real-world scenarios, observations from different views
of an object or event are not entirely independent. For in-
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stance, the RGB and HSV views of the same scene pos-
sess a large amount of similar structural information. At
the same time, each view inevitably contains noise, there-
fore, more views do not mean better performance. We define
this observation as the view redundancy phenomenon. Thus,
identifying and removing redundant views is important for
achieving better final performance. RMVC (Tao et al. 2018)
employs the squared χ2 distance for clustering, aiming to
ensure that the performance of multiple views is not infe-
rior to that of a single view; DSMVC (Tang and Liu 2022)
proposes a method for safely adding views, by discarding
newly added views that contain more noise than supplemen-
tary information, thus reducing the performance degradation
brought by increasing the number of views. These methods
alleviate the issue of redundant views, but they overlook the
difference in each individual data.

On the other hand, MVMLC often encounters the is-
sue of incomplete views or incomplete labels in real-world
datasets. For example, a particular view of an image may be
missing due to damage to the sensor, and multimedia con-
tent on social platforms can be under-annotated by users. To
tackle the challenges of incomplete views and incomplete
labels, recent innovations include the development of deep
contrastive networks (Trosten et al. 2021; Liu et al. 2023a),
transformer (Liu et al. 2023b) and deep graph-based net-
works (Li et al. 2024). These methods proficiently handle
the incomplete multi-view multi-label data within datasets;
however, they still fail to make full use of the data distribu-
tion knowledge inherent in the views and labels present in
the datasets, rendering them unable to overcome the perfor-
mance limitations introduced by incompleteness.

To address these issues, we introduce DiffSumm, a
redundancy-driven diffusion model for multi-view multi-
label classification. Specifically, we design a view encod-
ing module to transform the original views into latent space
vectors for multi-label classification, referred to as sum-
mary vectors. Subsequently, we design a label-guided diffu-
sion module to recover summary vectors for data containing
missing views. Thereafter, we design a redundant view iden-
tification strategy that utilizes the synthetic summary vectors
and their pseudo-labels to identify and remove redundant
views, and then regenerates new synthetic summary vectors
and pseudo-labels with the removed versions to manifest
the data distribution knowledge of the synthetic summary
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vectors. Finally, in the final prediction module, we fuse the
original summary vectors with the synthetic summary vec-
tors to obtain the final predictions. Comprehensive exper-
iments validate the superior performance of our proposed
DiffSumm framework. To summarize, this work makes the
following contributions:

• To the best of our knowledge, this is the first work to
employ a diffusion model to handle the incomplete multi-
view multi-label classification problems, which recovers
the lost information of missing views.

• We introduce a redundant view identification strategy
with assistance of diffusion model, which identifies and
removes redundant views at the sample level, reducing
the data noise and enhancing model performance.

• Extensive experiments show the favorable performance
on five datasets compared to state-of-the-art methods.

Related Work
Incomplete Multi-View Multi-Label Classification A
variety of strategies have been proposed for addressing
the multi-view multi-label classification challenge. LrMMC
(Liu et al. 2015) maintains a low-rank common subspace,
aligning with matrix completion strategies and determines
the weights for each view to harness their unique advan-
tages. To address the difficulties with datasets lacking com-
plete views or labels, MVL-IV (Xu, Tao, and Xu 2015) ex-
plores the realm of incomplete multi-view learning by ex-
ploiting inter-view relationships. Similarly, the iMSF ap-
proaches the challenge of incomplete multi-view single-
label learning by dividing it into multiple complete tasks
(Yuan et al. 2012). On the other hand, MvEL (Zhang et al.
2013a) focuses on mining context and neighborhood con-
sistency for incomplete labels, but it is limited to only ad-
dressing label incompleteness. In the realm of tasks involv-
ing incomplete views and labels, iMvWL (Tan et al. 2018)
integrates multi-view and multi-label elements into a unified
subspace. Conversely, NAIML (Li and Chen 2022) tackles
the dual incompleteness by employing a low-rank frame-
work for the sub-label matrix and sub-classes. Deep learn-
ing approaches have also been increasingly applied to these
challenges. DDINet (Wen et al. 2023) introduces a deep
learning architecture with a view-specific decoder network
that adeptly retains essential view information. DICNet (Liu
et al. 2023a) pioneers the use of instance-level contrastive
learning in this problem. LMVCAT (Liu et al. 2023b),
a transformer-based architecture, effectively addresses this
problem by incorporating two transformers designed for
views and labels. VIST (Ou et al. 2024) addresses this issue
by introducing a view-label interaction transformer, effec-
tively handles data incompleteness and improves classifica-
tion performance.

Redundant Views in Multi-View Learning RMVC (Tao
et al. 2018) marks a pioneering effort in ensuring safety
within the domain of multi-view clustering. In a similar
vein, DSMTL (Yue et al. 2021) introduces a safe multi-task
model, designed to perform at least as well as its single-
task counterparts for each respective task. DSMVC (Tang

and Liu 2022) diverges from these approaches by aiming
to ensure that the introduction of an additional view does
not compromise the clustering efficacy of the pre-existing
dataset and the data associated with the newly added view.

Diffusion Models Diffusion models (Sohl-Dickstein et al.
2015; Ho, Jain, and Abbeel 2020) are a class of generative
models that have gained popularity in recent years. To accel-
erate the denoising process, DDIM (Song, Meng, and Ermon
2021) introduce a strategy to reduce the number of denoising
steps. LDM (Rombach et al. 2022) seeks to perform diffu-
sion in latent space rather than pixel space, reducing train-
ing costs and speeding up inference. Although these meth-
ods can generate high-quality samples, they do not specify
the content of the generation. GLIDE (Nichol et al. 2022)
and Imagen (Saharia et al. 2022) achieve classifier-free guid-
ance (Ho and Salimans 2022) by directly incorporating con-
ditional information into the training of the diffusion model.

Methodology
We primarily present our method DiffSumm as three mod-
ules: view encoding module, label-guided diffusion module
and final prediction module. The training process is illus-
trated in Figure 1a. We train the view encoding module to
obtain original summary vectors and pseudo-labels. Concur-
rently, we train a label-guided diffusion module to generate
synthetic summary vectors. Finally, we train the final pre-
diction module using both the original and synthetic sum-
mary vectors. Subsequently, during the inference phase in
Figure 1b, data first passes through view encoding module to
obtain original summary vectors and pseudo-labels. Label-
guided diffusion module then uses these pseudo-labels to
generate synthetic summary vectors. These, along with nor-
mal and remained summary vectors generated from other
view combinations, assist the model in identifying and re-
moving redundant views, thereby getting new view combi-
nations. These new combinations are then reintroduced into
view encoding module, completing a step in the loop of the
strategy. After the loop ends, the original and synthetic sum-
mary vectors are input into the final prediction module for
the final prediction. We will provide a detailed explanation
of this method.

Preliminaries
Diffusion Models Diffusion models constitute a type of
generative model that primarily encompasses a forward dif-
fusion process and a reverse denoising process. The forward
diffusion process samples a data point from the distribution
of a dataset and subsequently adds noise with variance βt ∈
(0, 1) to the sample through each step t ∈ {1, 2, . . . , T}
, until it converges to the standard normal distribution
sT ∼ N (0, I), i.e., q(st|st−1) = N (st;

√
1− βtst−1, βtI).

Conversely, the reverse denoising process employs a diffu-
sion model parameterized by θ to restore the sampled st
through T time step back to s0, which can be represented
as pθ(st−1|st) = N (st−1;µθ(st, t),Σθ(st, t)). The model
is trained through the maximization of the variational lower
bound of the negative log likelihood, which, according to
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Figure 1: The overview of our method DiffSumm. For simplicity, we omit the term ”vector” from the summary vector. During
the inference process, the model first performs the redundant view identification strategy, repeatedly utilizing view encoding
module and label-guided diffusion module to identify and remove redundant views in sequential order. After the strategy, the
model inputs the original and synthetic summary vector based on the final view combination into final prediction module.

(Ho, Jain, and Abbeel 2020), can be simplified as the fol-
lowing loss function:

Lsimple = Et,s0,ϵ[||ϵ− ϵθ(st, t)||2] (1)

where ϵθ is the prediction of ϵ. For st, the denoising process
can be iteratively conducted as follows:

st−1 = µθ(st, t) +
√
Σθ(st, t)m, m ∼ N (0, I) (2)

Problem Definition For n samples from V different
views, they are represented by a set of matrices X =
{Xv}Vv=1, where Xv ∈ Rn×dv and dv represents the dimen-
sion of data from the v-th view. The matrix Y ∈ {0, 1}n×L,
serves as the label matrix for all samples, with L indicating
the total number of categories. Yi,j = 1 signifies that the
i-th sample belongs to the j-th category, whereas Yi,j = 0
denotes the opposite. For handling multi-view data where
certain features may be missing, we employ a missing-view
indicator matrix W ∈ {0, 1}n×V . In this matrix, Wi,j = 1
indicates the presence of the j-th view for the i-th sample,
while Wi,j = 0 implies its absence. Likewise, the missing-
label indicator matrix U ∈ {0, 1}n×L is defined, where
Ui,j = 1 suggests the availability of the j-th category la-
bel for the i-th sample, and Ui,j = 0 indicates the contrary.
During the initial data processing stage, any missing values

in views X or labels Y are assigned a value of 0. The goal
of this paper is to develop a model for the task of incomplete
multi-view multi-label classification.

Model Training

View Encoding Module In the original data, there often
exists an abundance of noise and redundant information.
Therefore, it is necessary to first extract the essential in-
formation and latent features. Similar to prior work in deep
learning (Wen et al. 2020), we employ autoencoders for this
task. Taking the original data Xv from a view as an exam-
ple, it is transformed into latent representations through an
encoder Ev specific to that view, denoted as Zv = Ev(Xv),
where Zv ∈ Rn×dz denotes the latent representation of that
view, and dz is the dimension of latent space. Correspond-
ingly, the latent representations are then passed through a
decoder Dv , also specific to that view, which is utilized to
reconstruct the original view, represented as X̂v = Dv(Zv),
where X̂v denotes the reconstructed view. Due to the incom-
pleteness of the views, it is important to consider the impact
of the missing-view indicator matrix W on training. Thus,
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the autoencoder is trained using the following loss function:

Lr =
1

V

V∑
v=1

(
1

dv

n∑
i=1

||x̂i,v − xi,v||22Wi,v) (3)

where xi,v and x̂i,v represent the original and reconstructed
feature of the i-th sample under the v-th view. Noted that
this loss function calculates the loss across all views, rather
than for a single view.

At the sample level, to obtain the original summary vec-
tor, it is necessary to fuse the latent representations from dif-
ferent views into a unified representation. Drawing upon the
previous work (Chen et al. 2022), we employ an average fu-
sion method that accounts for missing views to facilitate the
exchange of information across different views:

si = F (zi,1, zi,2, . . . , zi,V ,W) =

∑V
v=1 zi,vWi,v∑V

v=1 Wi,v

(4)

where zi,v denotes the latent representation of the i-th sam-
ple under the v-th view, and si is the unified representation
of the i-th sample, which is the original summary vector we
define. To ensure that the original summary vector can accu-
rately guide the model to complete classification tasks, it is
necessary to train a classifier Cp, which should be capable of
recognizing the category information contained within the
summary vector, the process is delineated as P = Cp(S).
Herein, P ∈ Rn×L is the prediction of the classifier, and
a Sigmoid activate function is applied so that the value of
the output is in [0, 1]. S = [sT1 s

T
2 · · · sTn ]T ∈ Rn×dz denotes

the collection matrix of summary vectors. Finally, we incor-
porate the missing label indicator matrix U into the binary
cross-entropy loss which is widely utilized in multi-label
classification tasks, enabling the model to compare predic-
tions and labels in scenarios with incomplete labels:

Lc = − 1

nL

n∑
i=1

L∑
j=1

(Yi,j log(pi,j)+

(1−Yi,j)log(1− pi,j))Ui,j

(5)

where pi,j represents the predict value of the j-th label for
the i-th sample.

Label-Guided Diffusion Module Due to the incomplete-
ness of views, the original summary vectors obtained from
the view encoding module may not fully represent the
results across all views to a certain extent. Therefore,
we anticipate that diffusion models, as the current most
popular generative models, could provide some informa-
tion for missing views. Our goal is to generate a syn-
thetic summary vector for full views based on pseudo-
labels. For a given sample i, the set of the label is Y =
{j|Yi,j = 1}. And we can obtain its original summary
vector s = F (E1(x1), E2(x2), . . . , EV (xV ),W) through
the trained autoencoder of the summary vector encoding
module (for simplicity, i is omitted in the remaining part
of this section). Additionally, we can also mask out cer-
tain views randomly to obtain a masked summary vector
s̄ = F (E1(x1), E2(x2), . . . , EV (xV ),Mask(W, kmask)),

where Mask(·, ·) is a function that randomly masks accord-
ing to a masking rate kmask. To simplify the multi-label task,
we sequentially combine each label in Y with the mask sum-
mary vector s̄. Taking y ∈ Y as the condition, and with the
summary vector s̄ regarded as s̄0, we get the noise-added
summary vector s̄t at each time step t using the reparame-
terization operation (Sohl-Dickstein et al. 2015):

q(s̄t|s̄0, y) = N (s̄t;
√
ᾱts̄0, (1− ᾱt)I) (6)

where αt = 1 − βt and ᾱt =
∏t

i=1 αi. During the training
process, the diffusion model, parameterized by θ, needs to
predict the denoised variant of the input s̄t conditioned on
time step t and label y. Here, since s̄ is obtained by masking
certain views, we consider s̄ as a noised variant of s:

ϵ̃ = ϵ+ s̄− s (7)

where ϵ represents the noise sampled from the standard
Gaussian distribution. Consequently, we can reformulate
Equation 1 into the following form:

Ld = Et,s,y,ϵ̃[||ϵ̃− ϵθ(s̄t, t, y)||2] (8)

Final Prediction Module To combine the obtained orig-
inal summary vectors and synthetic summary vectors into
a single unified representation, we employ an adaptive
weighted fusion method. The fused vectors are then input
into a new classifier Cf to generate the final predictions, as
outlined in the following process:

F = Cf (loris+ lsyns
d) (9)

where lori and lsyn are learnable scalar weight, s and sd

are original and synthetic summary vectors, and F ∈ Rn×L

represents the final predictions. The module employs a loss
function of the same form as Equation 5, denoted as Lf .

Model Inference
Redundant View Identification Strategy Based on the
view redundancy phenomenon, removing redundant views
would make the summary vector more discriminative. How-
ever, how to identify redundant views is our primary con-
cern. To overcome this challenge, we design the redundant
view identification strategy.

To identify a redundant view, an intuitive approach is to
separate the currently processed view from the others, and
observe the impact of this operation on the summary vector.
Specifically, for a processed view v, we split its original view
combination W into a single-view combination Wo

v and a
remaining-view combination Wr

v:

Wo
i,1 = 0,Wo

i,2 = 0, . . . ,Wo
i,v = 1, . . . ,Wo

i,V = 0 (10)

Wr
i,1 = Wi,1, . . . ,W

r
i,v = 0, . . . ,Wr

i,V = Wi,V (11)
Noted that we only process the existing view so Wi,v ̸= 0.

For i-th sample, the view encoding module can use these
combinations to generate different summary vectors, which
are the original summary vector sai , the normal summary
vector soi,v = F (E1(xi,1), E2(xi,2), . . . , EV (xi,V ),W

o
v)

and the remained summary vector sri,v =
F (E1(xi,1), E2(xi,2), . . . , EV (xi,V ),W

r
v).
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Now, we need to assess the impact of the separation. In
the view encoding module, we acquire pseudo-labels Ŷ ∈
Rn×L and a classifier Cp. Given that classifier can recog-
nize the category information of the summary vectors, it
serves as one of the most intuitive tools for measuring the
impact. Consequently, we design a new metric for evaluat-
ing it, termed the fidelity score:

F(s, ŷ) = precision(Cp(s), ŷ) (12)

where precision(·, ·) is the multi-label classification preci-
sion function. In a dataset, when F(soi,v, ŷ

i) and F(sri,v, ŷ
i)

of v-th view of i-th sample are significantly greater than
the average score within the dataset, it implies the combi-
nation does not introduce additional information, suggesting
the original view combination can be disassembled.

However, this consideration overlooks the varying diffi-
culty levels of each sample. Due to the long-tail effect in
datasets, not all labels appear with equal frequency, facili-
tating easier predictions for the model on certain labels, al-
lowing it to match most pseudo-labels even with the loss of
view structure information. The synthetic summary vector
generated by the label-guided diffusion module, containing
full-view information of the label along with random noise,
serves ideally as a reference for assessing the sample’s dif-
ficulty level. For the pseudo-label of j-th category of i-th
sample ŷ ∈ Ŷ = {j|ŷi

j = 1}, its reverse denoising process
can be reformulated through Equation 2 as:

µθ(s, t, ŷ) =
1

√
αt

(st −
βt√
1− ᾱt

ϵθ(st, t, ŷ)) (13)

st−1 = µθ(s, t, ŷ) +
√
Σθ(st, t)m, m ∼ N (0, I) (14)

We define s0 generated under the guidance of ŷ as sŷ , then
the synthetic summary vector of i-th sample can be calcu-
lated in the following:

sdi =
1

|Ŷ|

∑
ŷ∈Ŷ

sŷ (15)

When F(sdi , ŷ
i) of i-th sample is significantly lower than

the average score in the dataset, it indicates that the sample
is particularly challenging for the model. Thus, we identify
redundant views in the following:

Rv = {i|(F(soi,v, ŷ
i) > µo + ksigσo) ∧ (F(sri,v, ŷ

i) > µr

+ksigσr) ∧ (F(sdi , ŷ
i) < µd − ksigσd)}

(16)
where (µo, σo), (µr, σr), (µd, σd) denotes the mean value
and variance of fidelity score of the normal summary vec-
tors, remained summary vectors and synthetic summary vec-
tors, ksig denotes the variance multiplier, Rv is the set of
sample indices for which view v is considered redundant.
The module will remove the views of the samples corre-
sponding to the indices in the set Rv and replace sa and
W with sr and Wr

v . This process will continuously repeat
in sequence from view 1 to view V , with each completion
of a loop making ksig increasing by a fixed value. The loop
ends when Rv becomes an empty set.

Final Prediction At last, we input sai and sdi into the final
prediction module to obtain the final prediction fi ∈ RL:

fi = Cf (loris
a
i + lsyns

d
i ) (17)

Experiment
Experimental Setup
Datasets Our research employs the methodology sug-
gested by (Tan et al. 2018) to assess the effectiveness of
DiffSumm. The datasets included in this evaluation are as
follows: Corel 5k (Duygulu et al. 2002)-Recognized as a
benchmark in the field of image annotation and search,
it comprises 5000 images labeled with 260 tags. Pas-
cal07 (Everingham et al. 2010)-Known as PASCAL VOC
2007, Pascal07 is a prominent dataset in the domain of vi-
sual object categorization, containing 9963 images and 20
tags. Espgame (von Ahn and Dabbish 2004)-The Espgame
dataset originates from an online game where participants
tag images, and includes 20770 images annotated with 268
tags. IAPRTC12 (Grubinger et al. 2006)-The IAPRTC12
dataset, designed for global image annotation challenges,
includes around 20,000 images across 290 categories. Mir-
flickr (Huiskes and Lew 2008)-Comprising 25,000 images
and 38 tags, featuring a diverse range of themes and sub-
jects. We convert images into six different views, namely
GIST, HSV, HUE, LAB, RGB, and SIFT, each providing a
unique insight into the visual content by highlighting differ-
ent visual characteristics.

Evaluation Metrics We utilize metrics Average Precision
(AP), Ranking Loss (RL), Hamming Loss (HL) and the Area
Under the Curve (AUC) for our evaluations. To simplify
comparisons, we use the inverse of HL (1-HL) and RL (1-
RL). A higher score signifies better performance.

Implementation Details In terms of model architecture,
we employ 2 multilayer perceptrons with four fully con-
nected layers as the encoder and decoder for the autoen-
coder. For the diffusion model, we utilize a UNet (Ron-
neberger, Fischer, and Brox 2015) with a cross-attention
mechanism, akin to that described in (Rink et al. 2021),
comprising five convolutional layers. To simulate a scenario
of incompleteness, we randomly remove 50% of the views
from the data in each dataset. Within every category, we ran-
domly mark 50% of both the positive and negative tags as
unavailable. We set the masking rate kmask to 0.25 across
all experiments. To validate the reliability of our findings,
we conduct each experiment 10 times and calculate the av-
erage and variance of the results.

Compared Methods We compare our approach against
ten benchmark methods. Among these, detailed discus-
sions of eight methods - lrMMC, MVL-IV, iMSF, iMvWL,
NAIML, DDINet, DICNet, and LMVCAT - can be found in
Related Work Section. Notably, iMvWL and NAIML are de-
signed for scenarios involving incomplete views and labels,
necessitating adjustments to the other methods to ensure
consistency. Inspired by (Li and Chen 2022), we compen-
sate for missing views in lrMMC by using the mean values
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Dataset Metric lrMMC MVL-IV iMSF iMvWL NAIML DDINet DICNet LMVCAT DiffOnly DiffSumm

Corel5k

AP 24.0±0.2 24.0±0.1 18.9±0.2 28.3±0.7 30.9±0.4 36.4±0.1 38.1±0.4 38.4±0.4 38.2±0.2 45.7±0.1
1-RL 76.2±0.2 75.6±0.1 70.9±0.5 86.5±0.3 87.8±0.2 87.1±0.0 88.2±0.4 88.0±0.2 87.8±0.1 89.3±0.1
1-HL 95.4±0.0 95.4±0.0 94.3±0.0 97.8±0.0 98.7±0.0 98.7±0.0 98.8±0.0 98.6±0.0 98.8±0.0 98.8±0.0
AUC 76.3±0.2 76.2±0.1 66.3±0.5 86.8±0.3 88.1±0.2 87.5±0.1 88.4±0.4 88.3±0.2 88.2±0.2 90.2±0.1

Pascal07

AP 42.5±0.3 43.3±0.2 32.5±0.0 44.1±1.7 48.8±0.3 53.6±0.2 50.5±1.2 51.9±0.5 50.0±0.2 56.1±0.1
1-RL 69.8±0.3 70.2±0.1 56.8±0.0 73.7±0.9 78.3±0.1 80.7±0.1 78.3±0.8 81.1±0.4 78.9±0.5 84.5±0.1
1-HL 88.2±0.0 88.3±0.0 83.6±0.0 88.2±0.0 92.8±0.1 93.2±0.0 92.9±0.1 99.7±0.0 99.7±0.0 99.8±0.0
AUC 72.8±0.2 73.0±0.1 68.6±0.5 78.6±0.3 76.7±1.2 82.7±0.0 87.6±0.2 83.4±0.4 87.4±0.2 88.6±0.1

Espgame

AP 18.8±0.0 18.9±0.0 10.8±0.0 24.2±0.3 24.6±0.2 28.3±0.1 29.7±0.2 29.4±0.4 30.6±0.2 36.3±0.2
1-RL 77.7±0.1 77.8±0.0 72.2±0.2 80.7±0.1 81.8±0.2 81.5±0.0 83.2±0.1 82.8±0.2 83.4±0.1 87.8±0.1
1-HL 97.0±0.0 97.0±0.0 96.4±0.0 97.2±0.0 98.3±0.0 98.3±0.0 98.3±0.0 98.1±0.0 98.2±0.0 98.6±0.0
AUC 78.3±0.1 78.4±0.1 67.4±0.3 81.3±0.2 82.4±0.2 82.0±0.1 83.2±0.1 82.8±0.2 82.8±0.1 84.5±0.1

IAPRTC12

AP 19.7±0.0 19.8±0.0 10.1±0.0 23.5±0.4 26.1±0.1 30.3±0.2 32.3±0.1 31.7±0.3 35.2±0.2 37.9±0.1
1-RL 80.1±0.0 79.9±0.1 63.1±0.0 83.3±0.3 84.8±0.1 85.3±0.1 87.3±0.1 87.0±0.1 88.2±0.1 89.0±0.2
1-HL 96.7±0.0 96.7±0.0 96.0±0.0 96.9±0.0 98.1±0.0 98.0±0.0 98.1±0.0 97.9±0.0 98.0±0.0 98.2±0.0
AUC 80.5±0.0 80.4±0.1 66.5±0.1 83.6±0.2 85.0±0.1 85.4±0.0 87.4±0.1 87.2±0.1 87.3±0.1 88.4±0.1

Mirflickr

AP 44.1±0.1 44.9±0.1 32.3±0.0 49.5±1.2 55.1±0.2 59.8±0.2 58.9±0.5 59.4±0.5 60.5±0.4 64.6±0.2
1-RL 80.5±0.0 80.4±0.1 66.5±0.1 83.6±0.2 85.0±0.1 86.3±0.0 86.3±0.4 86.5±0.3 86.4±0.2 89.2±0.3
1-HL 83.9±0.0 83.9±0.0 77.5±0.0 84.0±0.3 88.2±0.1 88.8±0.0 88.8±0.2 87.6±0.2 88.8±0.0 89.0±0.1
AUC 80.6±0.1 80.7±0.0 76.1±0.1 79.4±1.5 83.7±0.1 85.2±0.1 84.9±0.4 85.3±0.3 84.6±0.2 86.9±0.2

Table 1: The results of various methods on five datasets with 50% missing instances and missing labels. The best results are
highlighted in bold. The second-best result is indicated in italics. For simplicity, percent sign is omitted in the following section.

of available views. In the case of MVL-IV and iMSF, miss-
ing labels are assumed to be negative. Moreover, we design
a method that solely employs pseudo-labels as condition to
guide the diffusion model in generating synthetic summary
vectors for prediction, named DiffOnly. We follow the rec-
ommendations for parameter settings from their published
works or available codebases to ensure a fair comparison.

Experimental Results
In Table 1, we present the experimental results of these
methods across all datasets with 70% training samples, 50%
missing views and missing labels. From the table, it can
be observed that DiffSumm surpasses any other method on
all metrics across all datasets. Additionally, deep learning
models, including DDINet, DICNet, and LMVCAT, out-
perform the first five methods, it suggests that deep learn-
ing holds considerable potential for addressing this issue.
Furthermore, DiffOnly achieves the second-best on some
datasets, demonstrating that synthetic summary vectors in-
deed provide additional useful information for classifiers.

Figure 2 illustrates the model’s performance under var-
ious view and label missing ratios. As seen from Figure
2a, within a specific range of missing view ratios, an in-
crease in the ratio does not lead to a decline in model perfor-
mance. This result can be elucidated by the redundant view
phenomenon we discover. This revelation also suggests that
masking some views during training could potentially aug-
ment the model’s performance. From Figure 2b, it is ob-
served that as the missing label ratio increases, the model’s
performance consistently declines, indicating that more la-
bel information aids the model’s learning process. This is
possibly because labels have defined categories, and noise is
less likely to cause significant disruption to this information.

AP AUC0.0
0.2
0.4
0.6
0.8
1.0

10%
30%
50%
55%

60%
65%
70%

(a) Missing View Ratios

AP AUC0.0
0.2
0.4
0.6
0.8

10%
20%
30%
40%

50%
60%
70%

(b) Missing Label Ratios

Figure 2: The results for the Corel5k dataset under two sce-
narios: (a) different missing view ratios while maintaining
50% missing labels ratio, and (b) a fixed 50% missing views
ratio combined with different missing label ratios.

Parameter Analysis
We evaluate two hyperparameters in our model: the num-
ber of diffusion model sampling iterations and the variance
multiplier ksig , with results depicted in the figures. When we
adopt the strategy of multiple sampling iterations of the dif-
fusion model and average the outcomes of all samples, the
results can be obtained as illustrated in Figure 3. It can be ob-
served that there appears to be no direct correlation between
the number of sampling iterations and the model’s perfor-
mance. This may be attributed to the fact that with a limited
number of sampling iterations, the random noise inherent in
the diffusion model cannot be effectively eliminated on such
a small scale. Moreover, our framework also incorporates an
averaging operation, which can, to a certain extent, substi-
tute for this process.

For ksig , we design various methods for evaluation,
namely fixed value, cumulative addition, and cumulative
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Figure 3: The results of sampling with varying numbers of
sampling iteration across different datasets.
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Corel5k Pascal070.0
0.1
0.2
0.3
0.4
0.5

F
CA-0.25
CA-0.5
CA-1

CM-1.25
CM-1.5
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Figure 4: The results of employing different methods for de-
termining ksig values across various datasets.

multiplication. The fixed value (F) method entails maintain-
ing the same value of ksig across different rounds; cumu-
lative addition (CA-x) method means that ksig is increased
by a fixed amount x each round; cumulative multiplication
(CM-x) involves ksig being multiplied by a fixed value x
each round. Experimentally, the fixed value method sets ksig
to 1 for rounds 1-3, 2 for rounds 4-6, and 3 for rounds be-
yond 6; cumulative addition is tested with ksig starting at 1
and increasing by 0.25, 0.5, 1, in each round respectively;
cumulative multiplication started with ksig at 1, with each
round multiplying by 1.25, 1.5, 2, respectively. In the evalu-
ation, given the slow generation process of the label-guided
diffusion module, the number of loop ending rounds should
be considered, with the comprehensive results illustrated in
Figure 4. It can be observed that the fixed value method
achieves an average accuracy, but its practicality is limited
due to the need for adjusting the fixed value according to
the number of rounds across different datasets. The cumu-
lative addition method exhibits relatively high accuracy, but
requires a larger number of iterations to end the loop, leading
to greater computational resource consumption. The cumu-
lative multiplication method increases values rapidly, result-
ing in fewer rounds needed to end the loop, but it achieves
lower accuracy. This could be due to the larger values in each
round, potentially missing some redundant views that could
have been identified. Considering both accuracy and compu-
tation cost, we ultimately selected the method of adding 0.5
per round as the approach for setting ksig .

Ablation Study
For the identification of redundant views, we design the fol-
lowing variants: based on statistical regularities (SR) —

Method
Corel5k Espgame IAPRTC12

AP AUC AP AUC AP AUC
SR 40.7 89.8 31.9 83.5 34.5 87.1
SoSV 45.0 90.0 35.9 84.4 37.5 88.2
NSSV 37.5 87.6 29.8 83.6 32.2 87.5
DiffSumm45.7 90.2 36.3 84.5 37.9 88.4

Table 2: Results of different redundant view identification
variants.

Method
Corel5k Espgame IAPRTC12

AP AUC AP AUC AP AUC
V 36.7 87.6 28.6 82.1 30.8 85.2
V+L (DiffOnly) 38.2 88.2 30.6 82.8 35.2 87.3
V+L+R+F (DiffSumm)45.7 90.2 36.3 84.5 37.9 88.4

Table 3: Results of the effectiveness of each module.

by recording the performance of different view combina-
tions during training, the probability of certain combinations
forming redundant views can be derived. Then, during infer-
ence, if such a combination appears, it is identified as redun-
dant and removed according to the probability; based on
the similarity of summary vectors (SoSV) — calculating
the cosine similarity between summary vectors as an alterna-
tive to fidelity scores, then identifying redundant views; not
using synthetic summary vectors as a reference (NSSV)
— omitting the condition of synthetic summary vector and
pseudo-label fidelity scores significantly lower than a certain
value. We record the performance of these variants and our
method in Table 2. In the table, NSSV result in the worst
performance, validating our view that assessing sample dif-
ficulty is necessary. SoSV is the second best, proving that
fidelity scores to some extent equate to similarity. However,
fidelity scores, with their clearer semantics and more explicit
information, perform better than using similarity.

Subsequently, we test the effectiveness of each module,
including the view encoding module (V), the label-guided
diffusion module (L), the redundant view identification strat-
egy (R) and final prediction module (F). We conduct tests on
three datasets, with results shown in Table 3. It can be seen
that every module within the framework plays a crucial role.

Conclusion
In this paper, we explore the utilization of diffusion mod-
els to assist in addressing the incomplete multi-view multi-
label classification problem and the view redundancy phe-
nomenon. We propose the DiffSumm framework, which en-
compasses the view encoding module for obtaining a sum-
mary vector and making pseudo-labels based on this vec-
tor, a label-guided diffusion module for generating synthetic
summary vectors, and a strategy for identifying and remov-
ing redundant views. Experimental evidence demonstrates
that our proposed DiffSumm is effective in resolving this
problem, and that the diffusion model is capable of effi-
ciently generating discriminative summary vectors.
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