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Multi-Label Learning （MLL）

Multi-label learning Formulation

water

tree
house

grass

sky



Categorization of MLL

Categorization by label (relative) completeness : 

water 
or 

tree 
or 

house 
or 

grass 
or 

sky or Complete MLL

Missing MLL

完整是相对的，

缺失是绝对的!

Ignored: Open scenarios  (known & seen, unknown & seen)
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(Global) High-Rankness on Single View

Multi-label learning with Missing labels:

A more practical and challenging scenario: Missing Multi-label Learning (MML) 

?

treehouse

grass

?

Anomaly Detection



(Relative) Causes of label missing:

 Expensive cost of fully labeling

 Limited knowledge (w.r.t lablers)

 Interests in partial labels (w.r.t lablers)
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Challenges of Missing ML:

 Performance degradation of fully supervised methods

Complex relationships among multiple labels

𝒪𝒪(2𝑘𝑘) (𝑘𝑘 is # of classes)  vs  𝒪𝒪 𝑘𝑘 (multi-class) 
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Methods of addressing MML:

Ma ZC, Chen SC. Expand globally, shrink locally: Discriminant multi-label learning with missing labels[J]. Pattern Recognition, 2021 32

1. Discarding the samples with missing labels 

Pre-processing methods (e.g. ML-MG ICCV 2015)

Transductive methods (e.g. lrMMC AAAI 2015)

Synchronized methods (e.g. GLOCAL TKDE 2018)

2. Label Completion
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https://so.cljtscd.com/scholar?cites=17647670406893435299&as_sdt=2005&sciodt=0,5&hl=zh-CN


Keys of addressing & completing MML:

1. Correlations among multiple labels 
(unknown)

Local (label correlations shared 
by a subset of samples)

Global (label correlations 
shared by all the samples)

2. Structural information of multi-label

Sparse (a few positive labels)

Low-rank (Popular assumption)

(Global) High-rank

3. Effective representation learning  
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Probably the most popular MML methods.

Low-rank based label completion methods: Matrix Completion

 Theoretical foundations (only under the assumption)

 Label co-occurrence

Optimization convenience

Popular = Reasonable for usage ？ Not exactly!

Candès E J, Recht B. Exact matrix completion via convex optimization. Foundations of Comput. mathematics, 2009, 9(6): 717-772. 6725
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https://so.cljtscd.com/scholar?cites=10564451141064730954&as_sdt=2005&sciodt=0,5&hl=zh-CN
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Low-rank (unknown) based MML methods in single view:

Low rank Empirical risk minimization for Multi-label Learning (LEML)

Let 𝒁𝒁 = 𝑾𝑾𝑯𝑯𝑇𝑇 and 𝑟𝑟 𝒁𝒁 = | 𝒁𝒁 |𝑡𝑡𝑡𝑡, where 𝒁𝒁 ∈ ℝ𝑑𝑑×𝐿𝐿 is the coefficient matrix and  

𝑾𝑾 ∈ ℝ𝑑𝑑×𝑘𝑘, 𝑯𝑯 ∈ ℝ𝐿𝐿×𝑘𝑘 (𝐿𝐿 is the number of labels), then we have, 

Yu H F, Jain P, Kar P, et al. Large-scale multi-label learning with missing labels. ICML. 2014: 593-601. 534

Explicitly upper-bounded rank for Z !

https://so.cljtscd.com/scholar?cites=12083805013376929245&as_sdt=2005&sciodt=0,5&hl=zh-CN
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Low-rank based MML methods in single view:

Low-Rank label Correlation for Multi-Label classification (ML-LRC)

Xu L, Wang Z, Shen Z, et al. Learning low-rank label correlations for multi-label classification with missing labels. ICDM,2014. 102

where 𝑿𝑿 ∈ ℝ𝑛𝑛×𝑑𝑑 ,𝑾𝑾 ∈ ℝ𝑑𝑑×𝑐𝑐 ,𝒀𝒀 ∈ ℝ𝑛𝑛×𝑐𝑐 ,𝑺𝑺 ∈ ℝ𝑐𝑐×𝑐𝑐 is the label correlation matrix 

and 𝑬𝑬 ∈ ℝ𝑛𝑛×𝑐𝑐 is the error matrix.

Implicit rank for S !

Questable: in aligning XW and YS, why to use different norms for W and S respectively? 

https://so.cljtscd.com/scholar?cites=1481305074916703368&as_sdt=2005&sciodt=0,5&hl=zh-CN
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Common Problem with Low-rank based MML methods :

However, mostly violating the reality in applications!

Our findings:

(Global) High-rankness of the whole/global multi-label matrix.

 Intuitively, samples in real datasets with multiple labels usually both
are diverse and contain dissimilar labels.

 Mathematically, as entries of the label matrix take binary values, it
is unlikely for this matrix to be low-rank.
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The evidence of high-rankness:
Statistics of the Datasets

Corel5k dataset

Rank Drift between training and test sets

These benchmarks are also used in iMVWL
(IJCAI 2018), LSA-MML (AAAI 2018), SIMM
(IJCAI 2019), LCBM (TPAMI 2021).
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Our starting points:

Implicit label correlations

Similar labels are strongly correlated

Dissimilar labels are weakly correlated, 
or even uncorrelated

Explicit structural information 

Local low-rank for label subset

Global high-rank for whole label set
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An intuitive description:

Global High Rank Local low Rank
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Our formulation:

Local 
low-rank

Global 
high-rank

Containing only one hyper-parameter! However,
a concern: can the regularization term be non-negative?

Ma Z, Chen S. Expand globally, shrink locally: Discriminant multi-label learning with missing labels. Pattern Recognition, 2021. 32

where 𝐗𝐗𝑘𝑘 denotes the training samples associated with label 𝑘𝑘. 

(Intersections of 𝐗𝐗𝑘𝑘 and 𝐗𝐗𝑗𝑗 are not empty, 𝑘𝑘 ≠ 𝑗𝑗 )

Empirical 
Risk

https://sc.panda321.com/scholar?cites=17647670406893435299&as_sdt=2005&sciodt=0,5&hl=zh-CN
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A theorem:

Ma Z, Chen S. Expand globally, shrink locally: Discriminant multi-label learning with missing labels. Pattern Recognition, 2021

Theorem 1. Let 𝐀𝐀, 𝐁𝐁 and 𝐂𝐂 be matrices of the same row dimensions, and
[𝐀𝐀, 𝐂𝐂] be concatenation of 𝐀𝐀 and 𝐂𝐂, Likewise for [𝐀𝐀, 𝐁𝐁, 𝐂𝐂] and [𝐁𝐁,𝐂𝐂]. Then,
we have

∑𝑘𝑘=1𝑐𝑐 ||𝐗𝐗𝑘𝑘||∗is an upper bound of ||𝐗𝐗𝐗𝐗||∗
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Compared methods:
LEML (ICML 2014)

One explicit hyper-parameter
One implicit hyper-parameter

ML-LRC (ICDM 2014)

Three explicit hyper-parameters

GLOCAL (TKDE 2018)

Four explicit hyper-parameters

LSML (Inf. Sci. 2019) 

Four explicit hyper-parameters



02 Missing MLL: 
High-Rankness on Single View

Experimental results:
Results for learning with missing labels.Results for learning with full labels.

LEML (ICML 2014)

ML-LRC (ICDM 2014)

GLOCAL (TKDE 2018)

LSML (Inf. Sci. 2019) 

Low-rank 
based 

methods
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Experimental results: Significance (Nemenyi) Test

Nemenyi test

Code is available at https://github.com/John986/Multi-label-Learning-with-Missing-Labels.

Low-rank 
based 

methods
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What is Contrastive Learning?

 Contrastive learning 
is a machine learning 
technique used to 
learn general 
features of a dataset 
without labels by 
teaching a model 
which data points are 
similar or different.

Advantage: Contrastive learning excels on a wide range of tasks, 
such as Image Classification, Semantic Segmentation.



Methods

K. He, H. Fan, et al. Momentum contrast for unsupervised visual representation learning (MoCo), CVPR, 2020. 9092
Khosla, Prannay, et al.  Supervised contrastive learning (SupCon). NeurIPS, 2020: 18661-18673. 3004

Contrastive
Learning

(示例间的2阶对比)

Unsupervised 
Learning

Supervised 
Learning

MoCo (CVPR 2020)
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SimCLR (ICML 2020)

SwAV (NeurIPS 2020)

BYOL (NeurIPS 2020)

SupCon (NeurIPS 2020) (Single label)

MulCon (ArXiv.2021) (Full Multi-label)

GZSL (CVPR 2021)

Son D.Dao, et al, Contrast Learning Visual Attention for Multi Label Classification, arXiv:2107.11626, 15
Junwen Bai  etal  Gaussian Mixture Variational Autoencoder with Contrastive Learning for ML Classification  icml2022  6

https://so.cljtscd.com/scholar?cites=14818266289376344383&as_sdt=2005&sciodt=0,5&hl=zh-CN
https://so.cljtscd.com/scholar?cites=2159203708190499110&as_sdt=2005&sciodt=0,5&hl=zh-CN
https://so.cljtscd.com/scholar?cites=324637952478475457&as_sdt=2005&sciodt=0,5&hl=zh-CN
https://so.cljtscd.com/scholar?cites=9275720515589327599&as_sdt=2005&sciodt=0,5&hl=zh-CN


New challenges:  Contrastive learning meets Missing labels

 False contrastive instances unfavorable , due to difficulty in 
defining the positive and negative instances to contrast a given 
anchor image in multi-label scenario.

03 Missing MLL: 
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E.g., an anchor instance x  with label y 

Is another instance the positive or negative contrastive 
instance? 
确实是其中一个标记的反例，但未必是其整体的反例！

还有可能的是，同一示例会产生正例和负例的矛盾配对！
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One Solution: 

 Learn individual label-specific embedding for each image

where 𝑧𝑧𝑖𝑖 ̇𝐽𝐽 = 𝑃𝑃roj 𝑔𝑔𝑖𝑖𝑖𝑖 ∈ ℝ𝑑𝑑𝑧𝑧 , 𝐼𝐼 = 𝑧𝑧𝑖𝑖𝑖𝑖 ∈ |𝑍𝑍 𝑦𝑦𝑖𝑖𝑖𝑖 = 1 , 𝐴𝐴 𝑖𝑖, 𝑗𝑗 = 𝐼𝐼 ∖ 𝑧𝑧𝑖𝑖𝑖𝑖

Dinh S D D E Z, Cai P J.  Multi-Label Image Classification with Contrastive Learning, arXiv:2107.11626, 15.

 (Full) Multi-label Classification with Contrastive Loss（MulCon)

𝑔𝑔𝑖𝑖 = 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑘𝑘 𝑈𝑈, 𝑟𝑟𝑖𝑖 , 𝑟𝑟𝑖𝑖
where 𝑟𝑟𝑖𝑖 = E𝑛𝑛𝑛𝑛 𝑥𝑥𝑖𝑖 ∈ ℝ𝐶𝐶×𝐻𝐻×𝑊𝑊, each row of 𝑈𝑈 ∈ ℝ𝐿𝐿×𝐶𝐶 is a class-specific the 

embedding, 𝑔𝑔𝑖𝑖 ∈ ℝ𝐿𝐿×𝐷𝐷 represents the label-level embeddings

https://sc.panda321.com/scholar?cites=324637952478475457&as_sdt=2005&sciodt=0,5&hl=zh-CN
https://so.cljtscd.com/scholar?cites=324637952478475457&as_sdt=2005&sciodt=0,5&hl=zh-CN


However, it meets new challenges for Missing scenario：

 How to incorporate label dependency, which has been shown to 
be helpful in dealing with missing labels, into the contrastive 
learning formulation.

03 Missing MLL: 
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 How to incorporate the Missing Label Correction Mechanism 
into the learning process to better solve the Missing MLL task.
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An intuitive description:

While bringing two images closer through 
label "Ocean", we hope to detect and make 

up for label "Dolphin" (missing labels) 
through Label Correction Mechanism.

Key Point！
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Our starting points:

Define contrast pairs in 
a multi-label scenario

Accurately bring images close to their true positive 
images and false (假) negative images

Far from the true (真) negative images of 
images.

Preserve label structure

Local low-rank

Global high-rank

Join our label correction mechanism using DNN nature (性质)
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Our formulation (as an independent Regularization term)

Ma, Zhongchen et al. Label Structure Preserving Contrastive Embedding for Multi-Label Learning with Missing Labels. 
arXiv: 2209 01314  TIP major revision

where 𝒁𝒁𝑘𝑘 = 𝔼𝔼(𝑿𝑿𝑘𝑘; 𝜃𝜃) is the sub-matrix of deep embedding belonging to label k.

Pull together similar 
samples while enforcing 

low rank constraint

Push apart dissimilar 
samples while enforcing 

high rank constraint

LaCo= Label Correction
Using DNN nature

Notice: Strictly speaking, CLML is essentially a contrast among the subset of instances 
rather than generally individual instances! 

https://arxiv.org/abs/2209.01314
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Algorithm:
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Advantages:

 CLML is the first contrastive regularization term proposed for Missing 
MLL. It can relatively accurately bring images close to their true
positive images and false negative images, far away from their true
negative images.

 The global and local label dependencies are naturally preserved in 
CLML, allowing the label correlation to be used more effectively to 
solve the Missing MLL task.
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Compared methods:

BCE （Classic）

Classical classification loss function

Focal (ICCV 2017)

Solve the problem of class-imbalance

Hill (arXiv 2022)

re-weight negatives in the shape of a Hill 
to alleviate the effect of false negatives

SPLC (arXiv 2022) 

use the loss derived from the maximum 
likelihood criterion under an approximate 

distribution of missing labels

𝐿𝐿𝑛𝑛 = −𝑤𝑤𝑛𝑛 𝑦𝑦𝑛𝑛 ⋅ log𝑥𝑥𝑛𝑛 + 1 − 𝑦𝑦𝑛𝑛 ⋅ log 1 − 𝑥𝑥𝑛𝑛 𝐿𝐿𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 = −𝛼𝛼𝑡𝑡 1 − 𝑝𝑝𝑡𝑡 𝛾𝛾 log 𝑝𝑝𝑡𝑡

𝐿𝐿𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻 = −𝑤𝑤 𝑝𝑝 × 𝑀𝑀𝑀𝑀𝑀𝑀
=− 𝜆𝜆 − 𝑝𝑝 𝑝𝑝2 𝐿𝐿𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆− = 𝕝𝕝 𝑝𝑝 ≤ 𝜏𝜏 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙− 𝑝𝑝 + (1 − 𝕝𝕝 𝑝𝑝 ≤ 𝜏𝜏 )𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙+ 𝑝𝑝

𝐿𝐿𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆+ = 𝑙𝑙𝑙𝑙𝑙𝑙𝑠𝑠+ 𝑝𝑝
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Experimental results:

Our method outperforms SOTAs.



03 Missing MLL: 
High-rankness for Contrastive Learning

Our CLML can effectively improve the prediction probability of missing labels:

Visualization results:
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Ablation Study

Our CLML has great advantages in maximizing inter-class variance, 
minimizing intra-class variance and mining missing labels.
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Why multi-view?

 Objects in real-world are often represented by multiple views

 Multi-view multi-label learning is still relatively under-studied

 Utilizing multi-view information can improve performance

Zhao J, Xie X, Xu X, et al. Multi-view learning overview: Recent progress and new challenges. Information Fusion, 2017.

Huang Y, Du C, Xue Z, et al. What Makes Multimodal Learning Better than Single (Provably). arXiv preprint 2021.
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New scenario:

Totally non-aligned multi-view with incomplete multi-view.

Definition 1. Given a multi-view multi-label data set Ω, suppose that Ω= 𝐗𝐗(𝑖𝑖)
𝑖𝑖=1
𝑉𝑉

contains
𝑉𝑉 different views, where 𝐗𝐗(𝑖𝑖)= 𝐱𝐱1

(𝑖𝑖), 𝐱𝐱2
(𝑖𝑖),⋯ , 𝐱𝐱𝑛𝑛

(𝑖𝑖) ∈ ℝ𝑛𝑛×𝑑𝑑𝑖𝑖 is the feature matrix of the 𝑖𝑖-th

view, 𝑛𝑛 and 𝑑𝑑𝑖𝑖 are the numbers of samples and the dimensions of features of the 𝑖𝑖-th
view, respectively. If samples across all views are totally unpaired, i.e., the 𝑚𝑚-th sample

of the 𝑖𝑖-th view 𝐱𝐱𝑚𝑚
(𝑖𝑖) and the 𝑚𝑚-th sample of the 𝑗𝑗-th view 𝐱𝐱𝑚𝑚

(𝑗𝑗) are distinct samples, for all

𝑚𝑚 ∈ 1,2,⋯ ,𝑛𝑛 , 𝑖𝑖,𝑗𝑗 ∈ 1,2,⋯ ,𝑉𝑉 and 𝑖𝑖 ≠ 𝑗𝑗. Then these views are called non-aligned views.

Li X, Chen S. A Concise yet Effective Model for Non-Aligned Incomplete Multi-view and Missing Multi-label Learning. TPAMI, 2022. 30

https://so.cljtscd.com/scholar?cites=15083595293975494127&as_sdt=2005&sciodt=0,5&hl=zh-CN
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New challenges:

 Explicitly complementary information among multi-views can hardly

be exploited. (incomplete + non-aligned multi-view)

Completion of the incomplete views is hard to be tractable even if

possible. (incomplete + non-aligned multi-view)

 Label information for the correspondence among views is quite limited

in the MML. (non-aligned multi-view + missing labels)
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Difference between full labels and missing labels:

 Full labels: The issue of non-aligned multi-view is no more challenging

as we can align the views by those shared/common labels.

Missing labels: The shared/common labels are limited in this case.

Correspondence among views is difficult.  

Problem with non-aligned and incomplete views is more severe. 

Information about multi-label needs to be further mined.
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（Global）Low-rank based MML methods with multi-view:

incomplete Multi-View Weak-label Learning (iMVWL)

where 𝐗𝐗𝑣𝑣 ∈ ℝ𝑛𝑛×𝑑𝑑𝑣𝑣, 𝐔𝐔𝑣𝑣 ∈ ℝ𝑑𝑑𝑣𝑣×𝑘𝑘, 𝐕𝐕 ∈ ℝ𝑛𝑛×𝑘𝑘. 𝐎𝐎𝑣𝑣 ∈ ℝ𝑛𝑛×𝑑𝑑𝑣𝑣 and 𝐌𝐌 ∈ ℝ𝑛𝑛×𝑐𝑐 are the

indicator matrices for the missing views and labels, 𝑺𝑺 ∈ ℝ𝑐𝑐×𝑐𝑐 is the label

correlation matrix.

Tan Q, Yu G, Domeniconi C, et al. Incomplete multi-view weak-label learning, IJCAI. 2018: 2703-2709. 79

https://so.cljtscd.com/scholar?cites=5082891652255022994&as_sdt=2005&sciodt=0,5&hl=zh-CN
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Our starting points:

Samples among views can be bridged implicitly through the common or

shared labels.

Structures (local low-rank, global high-rank) of missing multi-labels

still hold in the new non-aligned incomplete multi-view setting.
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An intuitive description:

The global and local structures of the multiple labels

It can be directly generalized to the case of more than two views.
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Our formulation:

Local 
low-rank

Global 
high-rank

where 𝐗𝐗(𝑖𝑖) ∈ ℝ𝑛𝑛×𝑑𝑑𝑖𝑖 is the feature matrix of the 𝑖𝑖-th view, 𝐗𝐗𝑘𝑘
(𝑖𝑖) is the

sub-matrix of 𝐗𝐗(𝑖𝑖) which consists of samples corresponding to the
𝑘𝑘-th label observed in the 𝑖𝑖-th view.

The intersection of 𝐗𝐗𝑘𝑘
(𝑖𝑖) w.r.t. 𝑘𝑘 is non-empty.
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A theorem:

Theorem 2. Let 𝐗𝐗𝑘𝑘
(1)𝐖𝐖(1), 𝐗𝐗𝑘𝑘

(2)𝐖𝐖(2), ⋯, 𝐗𝐗𝑘𝑘
(𝑉𝑉)𝐖𝐖(𝑉𝑉)(𝑘𝑘 = 1, 2,⋯ , 𝑐𝑐)be matrices with the

same column dimension, where 𝐗𝐗𝑘𝑘
(𝑖𝑖) is a sub-matrix of 𝐗𝐗(𝑖𝑖) (𝑖𝑖 = 1, 2,⋯ , 𝑉𝑉) . If

(a)∀𝑖𝑖 ∈ {𝑖𝑖 = 1, 2,⋯ , 𝑉𝑉}, the vertical concatenation of 𝐗𝐗1
(𝑖𝑖)𝐖𝐖(𝑖𝑖) to 𝐗𝐗𝑐𝑐

(𝑖𝑖)𝐖𝐖(𝑖𝑖) contains
all rows of 𝐗𝐗(𝑖𝑖) 𝐖𝐖(𝑖𝑖) and (b) ∀𝑘𝑘, ℎ ∈ {𝑖𝑖 = 1, 2,⋯ , 𝑐𝑐} , 𝑘𝑘 ≠ ℎ , at least one of the
intersection between 𝐗𝐗𝑘𝑘

(𝑖𝑖)𝐖𝐖(𝑖𝑖) and 𝐗𝐗ℎ
(𝑖𝑖)𝐖𝐖(𝑖𝑖) is non-empty, then we have

Trivial solutions can be avoided!



04 Missing MLL: 
High-Rankness on Multi-View

Advantages:

Addressing the three issues: missing labels, incomplete views, and non-

aligned views simultaneously with just one hyper-parameter.

Designing an efficient ADMM algorithm (linear computational complexity

w.r.t. the number of samples) which can handle large scale data.

Our method (without view-alignment) outperforms SOTAs (with view-

alignment) on five real datasets.



04 Missing MLL: 
High-Rankness on Multi-View

Compared methods:

iMVWL IJCAI 2018

iMSF KDD 2012

One explicit hyper-parameter

LabelMe IJCAI 2013 

Two explicit hyper-parameters

MVL-IV TIP 2015 lrMMC AAAI 2015 

Two explicit hyper-parameters Two explicit hyper-parametersOne explicit hyper-parameter (NMF)



04 Missing MLL: 
High-Rankness on Multi-View

Experimental results:
Results of incomplete multi-view (50%) and missing multi-label (50%)

Low-rank 
based 

methods

Our method (without view-alignment) outperforms SOTAs (with view-alignment).

iMSF KDD 2012

LabelMe IJCAI 2013 

MVL-IV TIP 2015 

lrMMC AAAI 2015 

iMVWL IJCAI 2018



04 Missing MLL: 
High-Rankness on Multi-View

Ablation study: Only with 
low-rank term

Without 
regularization



04 Missing MLL: 
High-Rankness on Multi-View

Validation of high/low ranks:



05
Summary



05 Summary

② The new non-aligned multi-view scenario.

③ Effective Label Structure Preserving Contrastive Embedding for MML.

New findings:

① The global high-rankness of multi-label matrix.



05 Summary

Future direction:

Yann Lecun. Self-Supervised Learning.  AAAI-2020.

Huge attention!

Self-supervised learning: publications + citations.



05 Summary

High-order Multi-Label Contrastive Learning.

Future direction:

J. Song and S. Ermon. Multi-label contrastive predictive coding, NerIPS 2020. 47

P. Khosla, P. Teterwak, et al. , Supervised contrastive learning, NerIPS 2020. 3004

Supervised contrastive learning. (Multi-class)

Multi-label contrastive learning. (Multi-label)

High-order Multi-label contrastive learning. 

√

√

?

ZC Ma et al, Label Structure Preserving Contrastive Embedding for Multi-Label Learning with Missing Labels, TIP Major Revision

Zhang, Shu, et al. Use All The Labels: A Hierarchical Multi-Label Contrastive Learning Framework.  CVPR. 2022. 27

https://so.cljtscd.com/scholar?cites=11519116250950692677&as_sdt=2005&sciodt=0,5&hl=zh-CN
https://so.cljtscd.com/scholar?cites=2159203708190499110&as_sdt=2005&sciodt=0,5&hl=zh-CN
https://so.cljtscd.com/scholar?cites=6099615041197158188&as_sdt=2005&sciodt=0,5&hl=zh-CN


05 Summary

Challenges:

 Directly utilizing contrastive learning can hardly improve performance

in multi-label case.

 The high-order label correlation of multi-labels makes it more

difficult to define contrastive pairs.

Dao S D, Zhao E, et al. Contrast Learning Visual Attention for Multi Label Classification. arXiv 2107.11626, 3

Possible solutions:

 Contrastive learning + label completion (high-order high-rank)

 Semi/weakly-supervised contrastive learning 

Mingkai Zheng, etal,  Weakly supervised contrastive learning, ICCV2021. 74

https://so.cljtscd.com/scholar?cites=7248953459146308181&as_sdt=2005&sciodt=0,5&hl=zh-CN
https://so.cljtscd.com/scholar?cites=8182713744261625817&as_sdt=2005&sciodt=0,5&hl=zh-CN


05 Summary

Songcan Chen
陈松灿

Zhongchen Ma
马忠臣

Xiang Li
李想

Ma Z, Chen S. Expand globally, shrink locally: Discriminant multi-label learning with missing labels[J]. Pattern Recognition, 2021

Code is available at https://github.com/John986/Multi-label-Learning-with-Missing-Labels

Li X, Chen S. A Concise yet Effective Model for Non-Aligned Incomplete Multi-view and Missing Multi-label Learning[J]. TPAMI 2021

Code is available at https://github.com/EverFAITH/NAIM3L

Our website: http://parnec.nuaa.edu.cn/

ZC Ma et al, Label Structure Preserving Contrastive Embedding for Multi-Label Learning with Missing Labels, TIP, Major revision.
Code is available at https://github.com/chuangua/ContrastiveLossMLML



Q & A

THANK YOU!
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