
graph convolutional network training

graph convolutional network training is a specialized process focused on optimizing graph

convolutional networks (GCNs), a class of neural networks designed to operate directly on graph-

structured data. This training involves learning feature representations from nodes, edges, and their

connections to perform tasks such as node classification, link prediction, and graph classification. The

complexity of graph data introduces unique challenges in the training phase, requiring tailored

approaches to model design, data handling, and optimization techniques. Understanding the

fundamentals of graph convolutional networks, the architectures involved, and best practices in training

is essential for leveraging their potential in fields like social network analysis, recommendation

systems, and bioinformatics. This article delves into the core concepts, methodologies, and practical

considerations for effective graph convolutional network training. The following sections provide a

comprehensive overview of essential topics related to the subject.

Understanding Graph Convolutional Networks

Preparing Data for Graph Convolutional Network Training

Key Techniques in Graph Convolutional Network Training

Optimization Strategies for Effective Training

Challenges and Solutions in Graph Convolutional Network Training

Understanding Graph Convolutional Networks

Graph convolutional networks are a type of neural network that generalizes convolution operations to



graph-structured data. Unlike traditional convolutional neural networks (CNNs) that operate on grid-like

data such as images, GCNs work with graphs where data points are connected in complex, irregular

structures. This capability allows GCNs to capture dependencies and relationships between nodes

effectively.

Graph Structure and Representation

The foundation of graph convolutional network training lies in accurately representing the graph data. A

graph consists of nodes (vertices) and edges that connect pairs of nodes. Each node can have

associated features, and edges may carry weights or attributes. Representing these elements

efficiently is critical for model input and performance.

Graph Convolution Operation

The graph convolution operation aggregates feature information from a node’s local neighborhood.

This process involves combining the features of a node and its adjacent nodes, often through weighted

sums or learned transformations. This aggregation helps the network learn meaningful representations

that consider the graph's topology.

Applications of GCNs

Graph convolutional networks are widely applied in various domains, including social network analysis,

where they help detect communities or influential users; recommendation systems, to predict user

preferences; and bioinformatics, for analyzing molecular structures. These applications benefit from the

ability of GCNs to handle relational data effectively.



Preparing Data for Graph Convolutional Network Training

Proper data preparation is crucial for successful graph convolutional network training. This phase

involves collecting, cleaning, and structuring graph data to ensure it is compatible with model

requirements and conducive to learning.

Data Collection and Cleaning

Graph data can be sourced from social networks, citation databases, biological datasets, or other

domains. Cleaning involves removing noise, handling missing data, and ensuring the graph accurately

reflects the underlying relationships. Quality data improves the model’s ability to learn relevant

patterns.

Feature Engineering

Node and edge features play a vital role in graph convolutional network training. Feature engineering

may include encoding categorical attributes, normalizing numerical values, or extracting domain-

specific properties. Well-crafted features enhance the expressiveness of the model.

Graph Construction and Preprocessing

Constructing the graph involves defining nodes, edges, and their attributes in a format suitable for

GCNs. Preprocessing steps can include creating adjacency matrices, normalizing edge weights, and

partitioning the graph for training and validation. These steps ensure efficient computation during

training.



Key Techniques in Graph Convolutional Network Training

Training graph convolutional networks employs specific techniques aimed at optimizing model

performance on graph data. These methods address the unique characteristics of graphs and the

learning objectives of GCNs.

Layer Design and Stacking

GCNs typically consist of multiple convolutional layers stacked to capture increasingly complex

patterns. Each layer aggregates information from a wider neighborhood. Designing the number of

layers and their size requires balancing expressiveness and the risk of over-smoothing, where node

representations become indistinguishable.

Loss Functions for Graph Tasks

The choice of loss function depends on the specific task, such as node classification or link prediction.

Commonly used loss functions include cross-entropy for classification and mean squared error for

regression tasks. Custom loss functions can also be designed to incorporate graph-specific constraints.

Regularization Techniques

Regularization helps prevent overfitting during graph convolutional network training. Techniques such

as dropout, weight decay, and early stopping are adapted for graph data to ensure generalization.

Graph-specific regularizers may also enforce smoothness or sparsity in node embeddings.

Batching and Sampling Methods

Due to the size and complexity of graphs, training on entire graphs may be computationally infeasible.

Batching and sampling methods, like neighborhood sampling or subgraph extraction, allow efficient



training by focusing on manageable portions of the graph at a time.

Optimization Strategies for Effective Training

Optimizing graph convolutional network training involves selecting suitable algorithms and tuning

hyperparameters to enhance learning efficiency and model accuracy.

Gradient-Based Optimization

Optimization algorithms such as stochastic gradient descent (SGD) and its variants like Adam are

widely used for training GCNs. These methods iteratively adjust model weights to minimize the loss

function based on computed gradients.

Learning Rate Scheduling

Managing the learning rate is critical for stable and efficient training. Scheduling strategies gradually

reduce the learning rate during training, which helps the model converge to better minima and avoid

oscillations.

Hyperparameter Tuning

Hyperparameters such as the number of layers, hidden units, learning rate, and dropout rate

significantly impact graph convolutional network training outcomes. Systematic tuning, including grid

search and random search, is employed to identify optimal configurations.

Parallel and Distributed Training

For large-scale graphs, parallel and distributed training methods are essential. These approaches



leverage multiple processors or machines to accelerate training and handle extensive graph datasets

effectively.

Challenges and Solutions in Graph Convolutional Network

Training

Training graph convolutional networks presents unique challenges stemming from the nature of graph

data and computational constraints. Addressing these issues is essential for practical deployment.

Over-Smoothing Problem

With increasing layers, GCNs may suffer from over-smoothing, where node embeddings become too

similar, losing discriminative power. Solutions include limiting the number of layers, using residual

connections, or employing attention mechanisms to selectively aggregate information.

Scalability Issues

Large graphs pose scalability challenges due to memory and computational demands. Techniques

such as graph sampling, mini-batching, and employing sparse matrix operations help manage these

demands during training.

Handling Dynamic Graphs

Many real-world graphs evolve over time, requiring training methods that accommodate changes.

Incremental training and temporal GCN variants address the dynamics by updating models as new

data arrives without retraining from scratch.



Interpretability and Explainability

Understanding how GCNs make decisions is crucial for trust and adoption. Techniques like attention

visualization and gradient-based attribution provide insights into the learned representations and

decision-making processes during graph convolutional network training.

List of Common Challenges and Corresponding Solutions

Challenge: Over-smoothing   Solution: Use residual connections and limit network depth

Challenge: Scalability   Solution: Employ sampling techniques and sparse computations

Challenge: Dynamic graph handling   Solution: Use incremental learning methods

Challenge: Feature sparsity   Solution: Integrate feature augmentation and embedding techniques

Challenge: Interpretability   Solution: Apply explainability tools like attention mechanisms

Frequently Asked Questions

What is a Graph Convolutional Network (GCN)?

A Graph Convolutional Network (GCN) is a type of neural network designed to operate on graph-

structured data, leveraging the connectivity and feature information of nodes to perform tasks like node

classification, link prediction, and graph classification.



How does training a GCN differ from training a traditional CNN?

Training a GCN differs from traditional CNNs as GCNs operate on non-Euclidean graph data rather

than grid-like images. GCN training involves aggregating feature information from a node's neighbors

and requires handling graph adjacency matrices, often leading to different propagation rules and loss

functions tailored for graphs.

What are the common challenges in training Graph Convolutional

Networks?

Common challenges include over-smoothing where node representations become indistinguishable

with deeper layers, scalability issues on large graphs, dealing with sparse and noisy graph data, and

selecting appropriate graph sampling or batching techniques for efficient training.

Which loss functions are typically used in GCN training?

The choice of loss function depends on the task; for node classification, cross-entropy loss is

commonly used. For link prediction, binary cross-entropy or ranking losses are typical. In graph

regression tasks, mean squared error (MSE) or mean absolute error (MAE) are often applied.

How can over-smoothing in GCNs be mitigated during training?

Over-smoothing can be mitigated by limiting the number of GCN layers, incorporating residual or skip

connections, using normalization techniques like batch normalization, or employing advanced

architectures such as Graph Attention Networks (GAT) that weigh neighbor contributions selectively.

What role does the adjacency matrix play in GCN training?

The adjacency matrix encodes the graph structure and guides the message passing or feature

aggregation process in GCNs. During training, it is used to aggregate neighbor node features so that

each node's representation captures local graph context.



How do mini-batch training techniques work for large-scale GCNs?

Mini-batch training in large-scale GCNs involves sampling subgraphs or neighborhoods of nodes to

create manageable batches, reducing memory consumption and computational load. Techniques like

GraphSAGE and Cluster-GCN enable efficient mini-batch training by sampling neighbors or partitioning

the graph.

What are effective optimization algorithms for training GCNs?

Stochastic gradient descent (SGD) and its variants such as Adam and RMSprop are commonly used

to optimize GCN parameters. Adam is particularly popular due to its adaptive learning rate and ability

to handle sparse gradients often encountered in graph data.

How does feature normalization impact GCN training?

Feature normalization helps stabilize and accelerate training by ensuring input features have consistent

scales. Techniques like batch normalization or layer normalization within GCN layers improve

convergence and can prevent issues like exploding or vanishing gradients.

Can transfer learning be applied to Graph Convolutional Network

training?

Yes, transfer learning can be applied by pre-training a GCN on a large graph dataset and fine-tuning it

on a smaller, related target graph. This approach helps leverage learned representations and reduces

training time, especially when labeled data is limited.

Additional Resources

1. Graph Convolutional Networks: Foundations and Applications

This book provides a comprehensive introduction to the principles behind graph convolutional networks

(GCNs). It covers the theoretical foundations, including spectral and spatial approaches, and discusses

various applications in social networks, recommendation systems, and bioinformatics. The text also



explores training techniques and optimization strategies to enhance model performance.

2. Deep Learning on Graphs: Methods and Practice

Focusing on practical aspects, this book guides readers through implementing deep learning models

on graph-structured data. It includes detailed explanations on graph convolutional layers, pooling

methods, and training algorithms. Case studies and code snippets help readers understand how to

train and tune GCNs effectively.

3. Graph Neural Networks in Action: From Theory to Training

This book bridges the gap between theory and practice by offering in-depth insights into graph neural

network architectures and their training processes. It covers regularization techniques, loss functions

specific to graph data, and strategies for handling large-scale graphs. The examples emphasize real-

world applications and performance evaluation.

4. Training Graph Convolutional Networks: Techniques and Challenges

Addressing the complexities of training GCNs, this text explores challenges like over-smoothing,

vanishing gradients, and data sparsity. It presents advanced training methods such as adaptive

learning rates, batch normalization on graphs, and semi-supervised learning frameworks. Readers gain

practical knowledge to improve model robustness and accuracy.

5. Graph Representation Learning: A Deep Dive into Convolutional Models

This title delves into the representation learning aspect of GCNs, focusing on how convolutional

operations capture structural information. It discusses embedding techniques, feature extraction, and

training pipelines that optimize representation quality. The book also highlights recent advancements

and research trends in the field.

6. Scalable Graph Convolutional Networks: Training Large-Scale Models

Designed for practitioners working with massive graph datasets, this book addresses scalability issues

in GCN training. It covers distributed training frameworks, mini-batch sampling methods, and memory-

efficient algorithms. Readers learn how to maintain model performance while handling computational

constraints.



7. Graph Neural Networks: Algorithms and Training Strategies

This book presents a variety of algorithms for graph neural networks, emphasizing training

methodologies. Topics include gradient descent variants tailored for graphs, loss function design, and

data augmentation techniques. The comprehensive approach helps readers develop effective training

routines for diverse graph tasks.

8. Applied Graph Convolutional Networks: From Data to Deployment

Targeting applied researchers and engineers, this book guides readers through the full pipeline of

deploying GCN models. It covers data preprocessing, model training, hyperparameter tuning, and

deployment challenges. Practical tips and best practices enable successful application of GCNs in

industry settings.

9. Advanced Topics in Graph Convolutional Network Training

This advanced text explores cutting-edge topics such as adversarial training, transfer learning on

graphs, and multi-task learning with GCNs. It provides insights into experimental setups, novel loss

functions, and training paradigms that push the boundaries of current research. Ideal for graduate

students and researchers seeking depth in GCN training techniques.
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one of the research focuses in computer vision and image processing, which realizes semantic
segmentation and object recognition of image or video. In this book, the algorithm, system design
and performance evaluation of scene understanding based on graph neural networks have been
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architectural design of graph neural networks for scene understanding tasks, including scene
parsing, human parsing, and video object segmentation. The aim of this book is to provide timely
coverage of the latest advances and developments in graph neural networks and their applications to
scene understanding, particularly for readers interested in research and technological innovation in
machine learning, graph neural networks and computer vision. Features of the book include
self-supervised feature fusion based graph convolutional network is designed for scene parsing,
structure-property based graph representation learning is developed for human parsing, dynamic
graph convolutional network based on multi-label learning is designed for human parsing, and graph
construction and graph neural network with transformer are proposed for video object
segmentation.
  graph convolutional network training: Graph Neural Network for Feature Extraction and
Classification of Hyperspectral Remote Sensing Images Yao Ding, Zhili Zhang, Haojie Hu, Fang He,
Shuli Cheng, Yijun Zhang, 2024-11-26 This book deals with hyperspectral image classification using
graph neural network methods, focusing on classification model designing, graph information
dissemination, and graph construction. In the book, various graph neural network based classifiers
have been proposed for hyperspectral image classification to improve the classification accuracy.
This book has promoted the application of graph neural network in hyperspectral image
classification, providing reference for remote sensing image processing. It will be a useful reference
for researchers in remote sensing image processing and image neural network design.
  graph convolutional network training: Machine Learning and Knowledge Discovery in
Databases. Research Track Albert Bifet, Jesse Davis, Tomas Krilavičius, Meelis Kull, Eirini
Ntoutsi, Indrė Žliobaitė, 2024-08-30 This multi-volume set, LNAI 14941 to LNAI 14950, constitutes
the refereed proceedings of the European Conference on Machine Learning and Knowledge
Discovery in Databases, ECML PKDD 2024, held in Vilnius, Lithuania, in September 2024. The
papers presented in these proceedings are from the following three conference tracks: - Research
Track: The 202 full papers presented here, from this track, were carefully reviewed and selected
from 826 submissions. These papers are present in the following volumes: Part I, II, III, IV, V, VI, VII,
VIII. Demo Track: The 14 papers presented here, from this track, were selected from 30
submissions. These papers are present in the following volume: Part VIII. Applied Data Science
Track: The 56 full papers presented here, from this track, were carefully reviewed and selected from
224 submissions. These papers are present in the following volumes: Part IX and Part X.
  graph convolutional network training: Concepts and Techniques of Graph Neural
Networks Kumar, Vinod, Rajput, Dharmendra Singh, 2023-05-22 Recent advancements in graph
neural networks have expanded their capacities and expressive power. Furthermore, practical
applications have begun to emerge in a variety of fields including recommendation systems, fake
news detection, traffic prediction, molecular structure in chemistry, antibacterial discovery physics
simulations, and more. As a result, a boom of research at the juncture of graph theory and deep
learning has revolutionized many areas of research. However, while graph neural networks have
drawn a lot of attention, they still face many challenges when it comes to applying them to other
domains, from a conceptual understanding of methodologies to scalability and interpretability in a
real system. Concepts and Techniques of Graph Neural Networks provides a stepwise discussion, an
exhaustive literature review, detailed analysis and discussion, rigorous experimentation results, and
application-oriented approaches that are demonstrated with respect to applications of graph neural
networks. The book also develops the understanding of concepts and techniques of graph neural
networks and establishes the familiarity of different real applications in various domains for graph
neural networks. Covering key topics such as graph data, social networks, deep learning, and graph
clustering, this premier reference source is ideal for industry professionals, researchers, scholars,
academicians, practitioners, instructors, and students.
  graph convolutional network training: Computer Vision – ECCV 2020 Andrea Vedaldi,
Horst Bischof, Thomas Brox, Jan-Michael Frahm, 2020-11-11 The 30-volume set, comprising the
LNCS books 12346 until 12375, constitutes the refereed proceedings of the 16th European



Conference on Computer Vision, ECCV 2020, which was planned to be held in Glasgow, UK, during
August 23-28, 2020. The conference was held virtually due to the COVID-19 pandemic. The 1360
revised papers presented in these proceedings were carefully reviewed and selected from a total of
5025 submissions. The papers deal with topics such as computer vision; machine learning; deep
neural networks; reinforcement learning; object recognition; image classification; image processing;
object detection; semantic segmentation; human pose estimation; 3d reconstruction; stereo vision;
computational photography; neural networks; image coding; image reconstruction; object
recognition; motion estimation.
  graph convolutional network training: Graph-Based Representations in Pattern
Recognition Luc Brun, Vincenzo Carletti, Sébastien Bougleux, Benoît Gaüzère, 2025-06-07 This
book constitutes the refereed proceedings of the 14th IAPR-TC-15 International Workshop on
Graph-Based Representations in Pattern Recognition, GbRPR 2025, held in Caen, France, in June
2025. The 25 full papers presented here were carefully reviewed and selected from 33 submissions.
They are organized as per the following topical sections: Cybersecurity based on Graph models;
Graph based bioinformatics; Graph similarities and graph patterns; GNN: shortcomings and
solutions; Graph learning and computer vision.
  graph convolutional network training: Artificial Neural Networks and Machine
Learning – ICANN 2023 Lazaros Iliadis, Antonios Papaleonidas, Plamen Angelov, Chrisina Jayne,
2023-09-21 The 10-volume set LNCS 14254-14263 constitutes the proceedings of the 32nd
International Conference on Artificial Neural Networks and Machine Learning, ICANN 2023, which
took place in Heraklion, Crete, Greece, during September 26–29, 2023. The 426 full papers, 9 short
papers and 9 abstract papers included in these proceedings were carefully reviewed and selected
from 947 submissions. ICANN is a dual-track conference, featuring tracks in brain inspired
computing on the one hand, and machine learning on the other, with strong cross-disciplinary
interactions and applications.
  graph convolutional network training: Web and Big Data Wenjie Zhang, Anthony Tung,
Zhonglong Zheng, Zhengyi Yang, Xiaoyang Wang, Hongjie Guo, 2024-08-27 The five-volume set
LNCS 14961, 14962, 14963, 14964 and 14965 constitutes the refereed proceedings of the 8th
International Joint Conference on Web and Big Data, APWeb-WAIM 2024, held in Jinhua, China,
during August 30–September 1, 2024. The 171 full papers presented in these proceedings were
carefully reviewed and selected from 558 submissions. The papers are organized in the following
topical sections: Part I: Natural language processing, Generative AI and LLM, Computer Vision and
Recommender System. Part II: Recommender System, Knowledge Graph and Spatial and Temporal
Data. Part III: Spatial and Temporal Data, Graph Neural Network, Graph Mining and Database
System and Query Optimization. Part IV: Database System and Query Optimization, Federated and
Privacy-Preserving Learning, Network, Blockchain and Edge computing, Anomaly Detection and
Security Part V: Anomaly Detection and Security, Information Retrieval, Machine Learning,
Demonstration Paper and Industry Paper.
  graph convolutional network training: ECAI 2020 G. De Giacomo, A. Catala, B. Dilkina,
2020-09-11 This book presents the proceedings of the 24th European Conference on Artificial
Intelligence (ECAI 2020), held in Santiago de Compostela, Spain, from 29 August to 8 September
2020. The conference was postponed from June, and much of it conducted online due to the
COVID-19 restrictions. The conference is one of the principal occasions for researchers and
practitioners of AI to meet and discuss the latest trends and challenges in all fields of AI and to
demonstrate innovative applications and uses of advanced AI technology. The book also includes the
proceedings of the 10th Conference on Prestigious Applications of Artificial Intelligence (PAIS 2020)
held at the same time. A record number of more than 1,700 submissions was received for ECAI
2020, of which 1,443 were reviewed. Of these, 361 full-papers and 36 highlight papers were
accepted (an acceptance rate of 25% for full-papers and 45% for highlight papers). The book is
divided into three sections: ECAI full papers; ECAI highlight papers; and PAIS papers. The topics of
these papers cover all aspects of AI, including Agent-based and Multi-agent Systems; Computational



Intelligence; Constraints and Satisfiability; Games and Virtual Environments; Heuristic Search;
Human Aspects in AI; Information Retrieval and Filtering; Knowledge Representation and
Reasoning; Machine Learning; Multidisciplinary Topics and Applications; Natural Language
Processing; Planning and Scheduling; Robotics; Safe, Explainable, and Trustworthy AI; Semantic
Technologies; Uncertainty in AI; and Vision. The book will be of interest to all those whose work
involves the use of AI technology.
  graph convolutional network training: Graph-Powered Analytics and Machine Learning with
TigerGraph Victor Lee Ph.D, Phuc Kien Nguyen, Alexander Thomas, 2023-07-24 With the rapid rise
of graph databases, organizations are now implementing advanced analytics and machine learning
solutions to help drive business outcomes. This practical guide shows data scientists, data engineers,
architects, and business analysts how to get started with a graph database using TigerGraph, one of
the leading graph database models available. You'll explore a three-stage approach to deriving value
from connected data: connect, analyze, and learn. Victor Lee, Phuc Kien Nguyen, and Alexander
Thomas present real use cases covering several contemporary business needs. By diving into
hands-on exercises using TigerGraph Cloud, you'll quickly become proficient at designing and
managing advanced analytics and machine learning solutions for your organization. Use graph
thinking to connect, analyze, and learn from data for advanced analytics and machine learning Learn
how graph analytics and machine learning can deliver key business insights and outcomes Use five
core categories of graph algorithms to drive advanced analytics and machine learning Deliver a
real-time 360-degree view of core business entities, including customer, product, service, supplier,
and citizen Discover insights from connected data through machine learning and advanced analytics
  graph convolutional network training: Complex Networks & Their Applications XII
Hocine Cherifi, Luis M. Rocha, Chantal Cherifi, Murat Donduran, 2024-02-19 This book highlights
cutting-edge research in the field of network science, offering scientists, researchers, students and
practitioners a unique update on the latest advances in theory and a multitude of applications. It
presents the peer-reviewed proceedings of the XII International Conference on Complex Networks
and their Applications (COMPLEX NETWORKS 2023). The carefully selected papers cover a wide
range of theoretical topics such as network embedding and network geometry; community structure,
network dynamics; diffusion, epidemics and spreading processes; machine learning and graph
neural networks as well as all the main network applications, including social and political networks;
networks in finance and economics; biological networks and technological networks.
  graph convolutional network training: Machine Learning and Knowledge Discovery in
Databases Massih-Reza Amini, Stéphane Canu, Asja Fischer, Tias Guns, Petra Kralj Novak,
Grigorios Tsoumakas, 2023-03-16 The multi-volume set LNAI 13713 until 13718 constitutes the
refereed proceedings of the European Conference on Machine Learning and Knowledge Discovery in
Databases, ECML PKDD 2022, which took place in Grenoble, France, in September 2022. The 236
full papers presented in these proceedings were carefully reviewed and selected from a total of 1060
submissions. In addition, the proceedings include 17 Demo Track contributions. The volumes are
organized in topical sections as follows: Part I: Clustering and dimensionality reduction; anomaly
detection; interpretability and explainability; ranking and recommender systems; transfer and
multitask learning; Part II: Networks and graphs; knowledge graphs; social network analysis; graph
neural networks; natural language processing and text mining; conversational systems; Part III:
Deep learning; robust and adversarial machine learning; generative models; computer vision;
meta-learning, neural architecture search; Part IV: Reinforcement learning; multi-agent
reinforcement learning; bandits and online learning; active and semi-supervised learning; private
and federated learning; . Part V: Supervised learning; probabilistic inference; optimal transport;
optimization; quantum, hardware; sustainability; Part VI: Time series; financial machine learning;
applications; applications: transportation; demo track.
  graph convolutional network training: Machine Learning and Knowledge Discovery in
Databases: Applied Data Science and Demo Track Gianmarco De Francisci Morales, Claudia
Perlich, Natali Ruchansky, Nicolas Kourtellis, Elena Baralis, Francesco Bonchi, 2023-09-16 The



multi-volume set LNAI 14169 until 14175 constitutes the refereed proceedings of the European
Conference on Machine Learning and Knowledge Discovery in Databases, ECML PKDD 2023, which
took place in Turin, Italy, in September 2023. The 196 papers were selected from the 829
submissions for the Research Track, and 58 papers were selected from the 239 submissions for the
Applied Data Science Track. The volumes are organized in topical sections as follows: Part I: Active
Learning; Adversarial Machine Learning; Anomaly Detection; Applications; Bayesian Methods;
Causality; Clustering. Part II: ​Computer Vision; Deep Learning; Fairness; Federated Learning;
Few-shot learning; Generative Models; Graph Contrastive Learning. Part III: ​Graph Neural
Networks; Graphs; Interpretability; Knowledge Graphs; Large-scale Learning. Part IV: ​Natural
Language Processing; Neuro/Symbolic Learning; Optimization; Recommender Systems;
Reinforcement Learning; Representation Learning. Part V: ​Robustness; Time Series; Transfer and
Multitask Learning. Part VI: ​Applied Machine Learning; Computational Social Sciences; Finance;
Hardware and Systems; Healthcare & Bioinformatics; Human-Computer Interaction;
Recommendation and Information Retrieval. ​Part VII: Sustainability, Climate, and Environment.-
Transportation & Urban Planning.- Demo.
  graph convolutional network training: Machine Learning and Knowledge Discovery in
Databases Frank Hutter, Kristian Kersting, Jefrey Lijffijt, Isabel Valera, 2021-02-24 The 5-volume
proceedings, LNAI 12457 until 12461 constitutes the refereed proceedings of the European
Conference on Machine Learning and Knowledge Discovery in Databases, ECML PKDD 2020, which
was held during September 14-18, 2020. The conference was planned to take place in Ghent,
Belgium, but had to change to an online format due to the COVID-19 pandemic. The 232 full papers
and 10 demo papers presented in this volume were carefully reviewed and selected for inclusion in
the proceedings. The volumes are organized in topical sections as follows: Part I: Pattern Mining;
clustering; privacy and fairness; (social) network analysis and computational social science;
dimensionality reduction and autoencoders; domain adaptation; sketching, sampling, and binary
projections; graphical models and causality; (spatio-) temporal data and recurrent neural networks;
collaborative filtering and matrix completion. Part II: deep learning optimization and theory;active
learning; adversarial learning; federated learning; Kernel methods and online learning; partial label
learning; reinforcement learning; transfer and multi-task learning; Bayesian optimization and
few-shot learning. Part III: Combinatorial optimization; large-scale optimization and differential
privacy; boosting and ensemble methods; Bayesian methods; architecture of neural networks; graph
neural networks; Gaussian processes; computer vision and image processing; natural language
processing; bioinformatics. Part IV: applied data science: recommendation; applied data science:
anomaly detection; applied data science: Web mining; applied data science: transportation; applied
data science: activity recognition; applied data science: hardware and manufacturing; applied data
science: spatiotemporal data. Part V: applied data science: social good; applied data science:
healthcare; applied data science: e-commerce and finance; applied data science: computational
social science; applied data science: sports; demo track.
  graph convolutional network training: Recent Trends in Learning From Data Luca Oneto,
Nicolò Navarin, Alessandro Sperduti, Davide Anguita, 2020-04-03 This book offers a timely snapshot
and extensive practical and theoretical insights into the topic of learning from data. Based on the
tutorials presented at the INNS Big Data and Deep Learning Conference, INNSBDDL2019, held on
April 16-18, 2019, in Sestri Levante, Italy, the respective chapters cover advanced neural networks,
deep architectures, and supervised and reinforcement machine learning models. They describe
important theoretical concepts, presenting in detail all the necessary mathematical formalizations,
and offer essential guidance on their use in current big data research.
  graph convolutional network training: Artificial Neural Networks and Machine
Learning – ICANN 2024 Michael Wand, Kristína Malinovská, Jürgen Schmidhuber, Igor V. Tetko,
2024-09-16 The ten-volume set LNCS 15016-15025 constitutes the refereed proceedings of the 33rd
International Conference on Artificial Neural Networks and Machine Learning, ICANN 2024, held in
Lugano, Switzerland, during September 17–20, 2024. The 294 full papers and 16 short papers



included in these proceedings were carefully reviewed and selected from 764 submissions. The
papers cover the following topics: Part I - theory of neural networks and machine learning; novel
methods in machine learning; novel neural architectures; neural architecture search;
self-organization; neural processes; novel architectures for computer vision; and fairness in machine
learning. Part II - computer vision: classification; computer vision: object detection; computer vision:
security and adversarial attacks; computer vision: image enhancement; and computer vision: 3D
methods. Part III - computer vision: anomaly detection; computer vision: segmentation; computer
vision: pose estimation and tracking; computer vision: video processing; computer vision: generative
methods; and topics in computer vision. Part IV - brain-inspired computing; cognitive and
computational neuroscience; explainable artificial intelligence; robotics; and reinforcement learning.
Part V - graph neural networks; and large language models. Part VI - multimodality; federated
learning; and time series processing. Part VII - speech processing; natural language processing; and
language modeling. Part VIII - biosignal processing in medicine and physiology; and medical image
processing. Part IX - human-computer interfaces; recommender systems; environment and climate;
city planning; machine learning in engineering and industry; applications in finance; artificial
intelligence in education; social network analysis; artificial intelligence and music; and software
security. Part X - workshop: AI in drug discovery; workshop: reservoir computing; special session:
accuracy, stability, and robustness in deep neural networks; special session: neurorobotics; and
special session: spiking neural networks.
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