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In this manuscript, we provide a structured and comprehensive 
overview of techniques to integrate machine learning with physics-
based modeling. First, we provide a summary of application areas 
for which these approaches have been applied. Then, we describe 
classes of methodologies used to construct physics-guided machine 
learning models and hybrid physics-machine learning frameworks from 
a machine learning standpoint. With this foundation, we then 
provide a systematic organization of these existing techniques and 
discuss ideas for future research. 

https://arxiv.org/abs/2003.04919

Integrating Physics-Based Modeling with Machine Learning: A Survey 

Jared Willard, Xiaowei Jia, Shaoming Xu, Michael Steinbach, Vipin Kumar

https://arxiv.org/abs/2003.04919


2 Objectives of Physics-ML Integration

2.1 Improving predictions beyond that of state-of-the-art physical models
2.2 Parameterization 
2.3 Forward Solving Partial Differential Equations
2.4 Inverse Modeling
2.5 Discovering Governing Equations

3 Physics-ML Methods 
 …. 





Semi-supervised Anomaly Detection on Attributed Graphs
Atsutoshi Kumagai - Tomoharu Iwata - Yasuhiro Fujiwara -

We propose a simple yet effective method for detecting anomalous instances on an 
attribute graph with label information of a small number of instances. Although 
with standard anomaly detection methods it is usually assumed that instances 
are independent and identically distributed, in many real-world applications, 
instances are often explicitly connected with each other, resulting in so-called 
attributed graphs. The proposed method embeds nodes (instances) on the 
attributed graph in the latent space by taking into account their attributes as well 
as the graph structure based on graph convolutional networks (GCNs). To learn 
node embeddings specialized for anomaly detection, in which there is a class 
imbalance due to the rarity of anomalies, the parameters of a GCN are trained to 
minimize the volume of a hypersphere that encloses the node embeddings of 
normal instances while embedding anomalous ones outside the hypersphere. This 
enables us to detect anomalies by simply calculating the distances between the 
node embeddings and hypersphere center. The proposed method can effectively 
propagate label information on a small amount of nodes to unlabeled ones by 
taking into account the node's attributes, graph structure, and class imbalance. In 
experiments with five real-world attributed graph datasets, we demonstrate that 
the proposed method achieves better performance than various existing anomaly 
detection methods.

https://arxiv.org/pdf/2002.12011.pdf
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