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MULTI-TARGET PREDICTION & 
MULTI-LABEL CLASSIFICATION
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SINGLE-TARGET vs. MULTI-TARGET PREDICTION 
(classification, regr.)

Descriptive space Target space

Example 1 1 TRUE 0.49 0.69 Yes
Example 2 2 FALSE 0.08 0.07 Yes
Example 3 1 FALSE 0.08 0.07 No
Example 4 2 TRUE 0.49 0.69 Yes
Example 5 3 TRUE 0.49 0.69 No
Example 6 4 FALSE 0.08 0.07 Yes

… … …

Descriptive space Target space

Example 1 1 TRUE 0.49 0.69 0.68 0.60 3.91
Example 2 2 FALSE 0.08 0.07 0.56 0.99 7.59
Example 3 1 FALSE 0.08 0.07 0.10 1.69 7.57
Example 4 2 TRUE 0.49 0.69 0.08 0.77 8.86
Example 5 3 TRUE 0.49 0.69 0.11 3.51 2.50
Example 6 4 FALSE 0.08 0.07 0.43 2.10 8.09

… … … … …
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THE RATIONALE FOR MULTI-TARGET PREDICTION

4

It makes sense to predict inter-related targets jointly

In weather forecasting, we have multiple tasks

• Predicting the outlook (sunny, overcast, rain): STC

• Predicting the temperature (in degrees Celsius): STR

• Predicting the weather: MTP
• Outlook
• Temperature
• Humidity
• Quantity of precipitation …
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MULTI-LABEL CLASSIFICATION: The task and an example

Deep Learning
Ability to learn many-layered 
neural networks from vast 
amounts of data

Learning models that simultaneously predict  several nominal/binary target variables
Input: A vector of descriptive variables’ values
Output: A vector of several binary targets’ values
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A DECISION TREE FOR 
MULTI-LABEL CLASSIFICATION 
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HIERARCHICAL
MULTI-LABEL CLASSIFICATION 

Descriptive space Target space

Example 1 1 TRUE 0.49 0.69

Example 2 2 FALSE 0.08 0.07

Example 3 1 FALSE 0.08 0.07

Example 4 2 TRUE 0.49 0.69

… … …
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A DECISION TREE FOR 
HIERARCHICAL MULTI-LABEL CLASSIFICATION 

8

Taking into account the taxonomy of living organisms
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MULTI-LABEL CLASSIFICATION OF REMOTELY SENSED IMAGES 

Deep Learning
Ability to learn many-layered 
neural networks from vast 
amounts of data
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HIERARCHICAL MULTI-LABEL CLASSIFICATION OF 
REMOTELY SENSED IMAGES (CLC nomenclature)



SEMI-SUPERVISED
MULTI-TARGET PREDICTION WITH 

PREDICTIVE CLUSTERING TREES
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SEMI-SUPERVISED MULTI-TARGET PREDICTION

Different types of structured outputs
• MT/ML Classification, MTR,                                                                               

Hierarchical MLC/MTR

Different supervision levels
• Fully supervised
• Semi-supervised

• Missing labels
• Partial labels

• Unsupervised
Two example tasks
• MTR w partial labels
• Semi-supervised HMLC

Descriptive space Target space

Example 1 1 TRUE 0.49 0.69

Example 2 2 FALSE 0.08 0.07 ?
Example 3 1 FALSE 0.08 0.07 ?
Example 4 2 TRUE 0.49 0.69

… … …
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LEARNING TREES FOR MULTI-TARGET PREDICTION 
WITH PREDICTIVE CLUSTERING
To construct a tree T from a training set S:
If the examples in S have low variance,

construct a leaf labeled target(prototype(S))
Otherwise:

• Select the best attribute A with values v1, …, vn, 
which reduces the most the variance (measured 
according to a given distance function d)

• Partition S into S1, …, Sn according to A
• Recursively construct subtrees T1 to Tn for S1 to Sn
• Result: a tree with root A and subtrees T1, …, Tn

The variance is assessed across the multiple targets
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SELECTING THE BEST TEST IN A PCT

Select the test that maximizes variance reduction
Calculated in line 4
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SEMI-SUPERVISED LEARNING WITH PCTs

New definition of variance that includes both targets and 
attributes, e.g., for MTR

𝑇𝑇 = #target attributes, 𝐷𝐷 = #descriptive attributes

𝐸𝐸 = 𝐸𝐸Labeled ∪ 𝐸𝐸Unlabeled
Variances only calculated for non-missing values 

𝑉𝑉𝑉𝑉𝑉𝑉 𝐸𝐸

=
1

𝑇𝑇 + 𝐷𝐷
⋅ 𝑤𝑤 ⋅�

𝑖𝑖=1

𝑇𝑇

𝑉𝑉𝑉𝑉𝑉𝑉 𝑌𝑌𝑖𝑖 + 1 − 𝑤𝑤 ⋅�
𝑗𝑗=1

𝐷𝐷

𝑉𝑉𝑉𝑉𝑉𝑉(𝑋𝑋𝑗𝑗)
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SEMI-SUPERVISED LEARNING WITH PCTs
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LEARNING TREE ENSEMBLES

Typical approach: Generate different samples of the data (subsets 
of rows, subset of columns, or both), then learn a tree on each
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SSL vs. SL: 
PERFORMANCE

Methods Number of labeled examples
25 50 100 200 350 500

Binary classification
PCT vs. SSL-PCT 0.009 0.388 0.066 0.005 0.019 0.019
RF vs. SSL-RF 0.529 0.192 0.002 0.099 0.093 0.012

Multi-class classification
PCT vs. SSL-PCT 0.248 0.084 0.014 0.007 0.192 0.081
RF vs. SSL-RF 0.563 0.011 0.011 0.003 0.004 0.02

Regression
PCT vs. SSL-PCT 0.011 0.01 0.004 0.367 0.48 0.583
RF vs. SSL-RF 0.008 0.065 0.008 0.023 0.034 0.126

Multi-target regression
PCT vs. SSL-PCT 0.093 0.022 0.028 0.022 0.009
RF vs. SSL-RF 0.959 0.445 0.445 0.333 0.445

Multi-label classification
PCT vs. SSL-PCT 0.013 0.008 0.008 0.093 0.053
RF vs. SSL-RF 0.241 0.415 0.262 0.308 0.575

Hierarchical multi-label classification
PCT vs. SSL-PCT 0.834 0.093 0.028 0.028 0.028
RF vs. SSL-RF 0.345 0.345 0.249 0.345 0.345
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SSL vs. SL PERFORMANCE

RF1 (MTR) Medical (MLC) Enron (HMLC)
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SSL OF DECISION TREES: ACCURACY & INTERPRETABILITY 



COMBINING DEEP NEURAL NETWORKS AND
ENSEMBLES OF PREDICTIVE CLUSTERING TREES

FOR MULTI-LABEL CLASSIFCATION OF RSI
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CONVOLUTIONAL DEEP NEURAL NETWORKS
CNNs are DNNs that include computer vision ideas (convolutional 
filters) and can learn features from images

This is the key to the success of NNs: End-to-end learning

CONVOLUTIONAL NEURAL NETWORKS 
ARE GREAT FOR ANALYZING IMAGES 

(incl. remotely sensed/ satellite images)
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MLC BY FEATURE EXTRACTION W DNNs + PCTs
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MLC BY FEATURE EXTRACTION W DNNs + PCTs vs. End-To-End DNNs
Deep network architectures used:

• VGGs (16 and 19)

• ResNets (34, 50, 152)

• EfficientNets (B0, B1, B2)

Feature extraction:

• With weights as pre-trained (ImageNet)

• With weights fine-tuned

Evaluation measure: Ranking Loss

Learning methods:

• End-to-end

• Random Forests / Extra Trees

Datasets:
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MLC BY FEATURE EXTRACTION W DNNs + PCTs vs. End-To-End DNNs
Conclusions of the experimental comparison

• Fine-tuned weights clearly lead to better performance across the board

• The EfficientNet architecture clearly leads to best performance

• Feature extraction + PCTs is comparable in performance to End-To-End



COMBINING DEEP NEURAL NETWORKS AND
ENSEMBLES OF PREDICTIVE CLUSTERING TREES

FOR SEMI-SUPERVISED LEARNING FROM RSI
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MOTIVATION OF SSL FOR MLC OF RSIs

Current Limitations
• Remote sensing images (RSIs) are largely unlabeled
• Manual annotations are very costly
• Especially when we have multi-label and 

hierarchical-multi-label classification 

• Semi-supervised learning (SSL) has thrived in        
single-label classification as well as multi-label
classification of tabular data

• Existing deep learning approaches for RSI don’t really 
deal with MLC and especially HMLC 

• In particular, they rarely capture dependencies 
within structured labels
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DIFFERENT KINDS OF SUPERVISION IN LEARNING FROM RSIs
a) (Fully) Supervised learning: All images are labeled
b) Semi-supervised learning: Labeled and unlabeled images used simultaneously
c) SSL via Self-SL: Unlabeled data used first for self-SL (unsupervised),

supervised learning on labeled data then follows
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THE BEST OF BOTH WORLDS: CONVOLUTIONAL DNNs & PCT ENSEMBLES
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SSL vs. SL PERFORMANCE: FEATURE EXTRACTION vs End-to-end L. (MLC)
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AGGREGATE RESULTS OF SL/SSL RANKS ACROSS 13 MLC METRICS
FOR DIFFERENT DATASETS & 

DIFF. CNN ARCHITECTURES

Ranking

Repeated for different 
fractions of labeled data

Di
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nt
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et
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s

Baseline CAE SL-PCT SSL-PCT SL-RForest SSL-RForest

VGG-16 VGG-16 VGG-16 VGG-16 VGG-16 VGG-16

VGG-19 VGG-19 VGG-19 VGG-19 VGG-19 VGG-19

ResNet34 ResNet34 ResNet34 ResNet34 ResNet34 ResNet34

ResNet50 ResNet50 ResNet50 ResNet50 ResNet50 ResNet50

ResNet152 ResNet152 ResNet152 ResNet152 ResNet152 ResNet152

EffNet-B0 EffNet-B0 EffNet-B0 EffNet-B0 EffNet-B0 EffNet-B0

EffNet-B1 EffNet-B1 EffNet-B1 EffNet-B1 EffNet-B1 EffNet-B1

EffNet-B2 EffNet-B2 EffNet-B2 EffNet-B2 EffNet-B2 EffNet-B2
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OVERALL RELATIVE PERFORMANCE (MLC)
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SSL vs. SL PERFORMANCE DIFFERENCE (per dataset)
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SSL vs. SL PERFORMANCE DIFFERENCE (per architecture)
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COMPARISON OF OUR SSL APPROACHES TO COMPETING ONES (MCC&MLC)



IMPROVING THE EFFICIENCY OF SSL WITH
ENSEMBLES OF PREDICTIVE CLUSTERING TREES 

WHEN LEARNING FROM RSI
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INSTEAD OF USING EXTRACTED FEATURES WITH PCTs FOR SSL, USE PCA 
FIRST AND REDUCE THE NUMBER OF FEATURES (FOR EFFICIENCY)
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o For the feature extractors we use ResNet-152 and EfficientNet-B2
o Trained for 25 epochs
o Adam optimizer
o Batch size: 128
o Learning rate of 1e-4

PCA
o We 60%, 80%, and 95% of the variance explained by the

principal components
o Baseline: 100% explained variance (whole feature space)

SSL-PCTs and ensembles for MCC 
o M5 pruning
o 100 unpruned trees for supervised and semi-supervised 

tree ensembles
o We use 3-fold internal cross-validation on the training 

part of the dataset to optimize the w parameter

o Datasets (MCC)
• OPTIMAL-31
• UCM
• RSSCN7
• AID
• RESISC45

Dataset splits:
o 70% train, 10% validation, 20% test
o The splits are stratified
o Different percentages of

(randomly sub-sampled) labeled data
from the training sets,
with the following amounts:
1%, 5%, 10%, and 25%

DIMENSIONALITY REDUCTION FOR EFFICIENT SSL FROM RSI
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DIMENSIONALITY REDUCTION FOR EFFICIENT SSL FROM RSI
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DIMENSIONALITY REDUCTION FOR EFFICIENT SSL FROM RSI

Induction times in seconds for SL and SSL algorithms for 25% labeled
data and different levels of dimensionality reduction



ADAPTING THE LOSS FUNCTION WITHIN 
END-TO-END APPROACHES FOR SSL FROM RSI
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ADAPT THE LOSS FUNCTION IN SS End-to-end LEARNING with MAEs

Pretext task: Masked image modeling 
(with masked auto-encoders)
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EXPERIMENTAL COMPARISON: DESIGN 
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EXPERIMENTAL COMPARISON: RESULTS

Performance of SL & SSL methods on MCC (top) and MLC (bottom) dataset
AUPRC and AU average PRC as metrics for MCC and MLC
Absolute performance (left) and performance improvement for SSL vs SL for MAE-GS 



45

Comparison to competing SSL and SelfSL approaches



HMLC OF RSI BY COMBINING VISION TRANSFORMERS AND 
GRAPH NEURAL NETWORKS
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INITIAL APPROACH: HIERARCHICAL MULTI-LABEL CLASSIFICATION OF RSI 
BY ADAPTING THE LOSS FUNCTION IN End-to-end LEARNING 
o The classifier head contains

number of neurons equal to
the number of leaves plus
the intermediate nodes in
the hierarchy

CNN
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HMLC of RSIs: The BigEarthNet dataset

o BigEarthNet

-590,326 non-overlapping image patches

o We used two Corine Land Cover (CLC) nomenclatures for the 
hierarchy: 

- Original CLC with 43 labels -> all hierarchical labels: 63
- Reduced CLC with 19 labels -> all hierarchical labels: 27

o We subsample around 1% of the dataset to provide the initial results
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HMLC of RSIs: The BigEarthNet dataset, Initial experiments

Training details:
o For the feature extractors we use ConvNext-V2
o Trained for 50 epochs
o Adam optimizer
o Batch size: 128
o Learning rate of 1e-4
o The weight parameter for producing the weights in the hierarchy is 

set to: 0.6, 0.7, 0.8, 0.9 and 1 

Dataset splits:
o 70% train, 10% validation, 20% test
o The splits are stratified
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Fully- and Semi-Supervised Hierarchical Multi-Label Image Classification 
with Graph Learning
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HELM Methodology
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HELM 
Evaluation: 
Experimental 
Design 
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HELM 
Evaluation: 
SL Results
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HELM 
Evaluation: 
SSL Results
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