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in a Changing Climate
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Characterizing Extreme Weather 
in a Changing Climate
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Outline

• Deep	Learning	for	classification,	localization	and	
pixel-wise	segmentation	of	Tropical	Cyclones,	
Atmospheric	Rivers	&	Weather	Fronts

• Deep	Learning	for	detecting	the	MJO	
• ClimateNet:	a	community-sourced	expert-
labeled	dataset	for	training	a	unified	DL	model

• Challenges	and	Opportunities
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Computer Vision <> Climate Science
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Key	Differences:	Multi-variate;		Different	&	multiple	spatio-temporal	
scales;	Double	precision	floating	point;	Underlying	statistics	are	different.



Supervised Classification Accuracy
(NIPS 16)

Logistic 
Regression

K-Nearest 
Neighbor

Support 
Vector 
Machine

Random 
Forest

ConvNet

Test Test Test Test Test

Tropical Cyclone 95.9 97.9 95.9 99.4 99.1

Atmospheric Rivers 82.7 81.7 83.0 88.4 90.0

Weather Fronts 89.8 76.45 90.2 87.5 89.4



Semi-Supervised Detection

•Objectives:
– Create	unified	architecture	for	all	weather	patterns	
– Predict	bounding	box	location	for	each	weather	pattern	
– Work	with	few/no	labels	for	several	weather	patterns
– Discover	new	(hitherto	unlabeled)	patterns
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Classification + Detection (NIPS17)
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Ground 
Truth
Prediction

Contributors: Evan Racah, Chris Pal, Chris Beckham, Samira Kahou, Tegan 
Maharaj. MILA



Pixel-wise Segmentation: SC’18 
Gordon Bell Prize Winner! DL @ 1EF

Contributors: Thorsten Kurth, Sean Treichler, Joshua Romero, Mayur Mudigonda, 
Nathan Luehr, Everett Phillips, Ankur Mahesh, Michael Matheson, Jack Deslippe, 
Massimiliano Fatica, Michael Houston. NERSC, NVIDIA, UC Berkeley, OLCF



Deep Learning for the MJO
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• DL	can	correctly	classify	the	
phase	of	the	MJO

• DL	can	independently	infer	
which	variables	are	most	
important	for	the	classification

• DL	can	learn	the	spatial	
structure	of	the	MJO

• https://arxiv.org/abs/1902.046
21 (Deep	Learning	for	Scientific	
Inference	from	Geophysical	
Data:	The	Madden-Julian	
Oscillation	as	a	Test	Case)

Deep	Learning	can	learn	the	spatial	structure	of	
the	MJO

Original	MJO	Definition Deep	Learning	Definition

36

Deep	Learning	can	learn	the	spatial	structure	of	
the	MJO

Original	MJO	Definition Deep	Learning	Definition

36



ClimateNet: a community-sourced 
labeled dataset (ICML 2019)

- 14 -

• https://www.nersc.gov/research-and-
development/data-analytics/big-data-
center/climatenet

• Pattern	recognition	using	DL	
works	best	(so	far)	in	the	
supervised	mode

• Reliable	labeled	data	is	sparse	in	
climate	science

• Heuristics	for	pattern	detection							
in	climate	science	fraught	with	
discrepancies	and	uncertainties

•Ultimately	we	want	to	avoid
heuristics	(“feature	engineering”)

Confidential manuscript submitted to EoS

A Proposal for a Unified Deep Learning Workflow85

Figure 2. Proposed Workflow for Deep Learning: we propose a systematic workflow to develop a unified
deep network that can seamlessly perform all pattern recognition tasks on any type of dataset.

86

87

Pattern recognition tasks such as classification, localization, object detection and seg-88

mentation have remained challenging problems in the weather and climate sciences. While89

there exist many heuristics and algorithms for detecting weather patterns or extreme events in90

a dataset, the disparities between the output of these di�erent methods even for a single class91

of event are huge and often impossible to reconcile. Given the pressing need to address this92

problem, we propose a Deep Learning based solution.93

Figure 2 captures our overall vision for a unified Deep Learning workflow, as relevant94

to climate science. The workflow can be split into two pieces: the Training phase and the In-95

ference phase. The goal of the Training phase is to produce a single, unified Deep Network96

that is trained by examples from either heuristics and algorithms applied to training datasets97

or ‘hand’-labeled examples by human experts. In the inference phase, the unified Deep Net-98

work is applied to archives of multi-resolution, multi-modal datasets from climate model99

output or reanalyses or observational datasets.100

A fundamental challenge in training Deep Networks is the availability of reliable suit-101

ably labeled training data. We propose creating a ‘ClimateNet’ dataset [Prabhat et al., 2017],102

with an accompanying schema that can capture information pertaining to class or pattern103

labels, bounding boxes and segmentation masks. Ideally, various domain experts will con-104

tribute ‘hand’-labeled information to the ClimateNet dataset. It will take us some time to de-105

velop web interfaces and perhaps use the Amazon Mechanical Turk interface to crowdsource106

the ‘hand’-labeling task; in the interim we are leveraging the Toolkit for Extreme Climate107

Analysis (TECA) [Prabhat et al., 2012] software to implement expert-specified heuristics,108

and generate label information. Note that the overall spirit of the Deep Learning methodol-109

ogy is to avoid the prescription of heuristics for defining weather patterns; it has been con-110

clusively established by the computer vision community that Deep Learning is extremely111

e�ective at learning relevant features for solving pattern classification tasks without requiring112

application-specific tuning.113

Once the ClimateNet dataset is available, we propose developing a unified convolu-114

tional architecture to learn representations for various weather patterns and have already115

demonstrated that this task is doable [Liu et al., 2016; Racah et al., 2017; Mudigonda et al.,116

2017]. We will then apply the unified network to archives of multi-resolution, multi-modal117

datasets from climate model output, reanalyses and observations to seamlessly extract labels,118

boxes and segmentation masks.119

–5–



Physics-informed Deep Learning
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• Reliable	and	robust	DL	models	for	science	need	
to	obey	the	laws	of	nature

• A	systematic	framework	for	physics-informed	
approaches	in	ML	and	DL	is	needed

•We’ve	made	a	first	step	in	this	direction	with	
PI-GANs	for	atmospheric	flows

Physics-Informed Generative Learning to Emulate PDE-Governed Systems 
Jinlong Wu1,2, Karthik Kashinath2, Adrian Albert2, Dragos Chirila2, Prabhat2, Heng Xiao1

1Aerospace and Ocean Engineering, Virginia Polytechnic Institute and State University
2NERSC, Lawrence Berkeley National Laboratory

Generative Adversarial Networks (GANs)

Unpaired Image-to-Image Translation
using Cycle-Consistent Adversarial Networks

Jun-Yan Zhu⇤ Taesung Park⇤ Phillip Isola Alexei A. Efros
Berkeley AI Research (BAIR) laboratory, UC Berkeley
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Figure 1: Given any two unordered image collections X and Y , our algorithm learns to automatically “translate” an image
from one into the other and vice versa: (left) Monet paintings and landscape photos from Flickr; (center) zebras and horses
from ImageNet; (right) summer and winter Yosemite photos from Flickr. Example application (bottom): using a collection
of paintings of famous artists, our method learns to render natural photographs into the respective styles.

Abstract
Image-to-image translation is a class of vision and

graphics problems where the goal is to learn the mapping
between an input image and an output image using a train-
ing set of aligned image pairs. However, for many tasks,
paired training data will not be available. We present an
approach for learning to translate an image from a source
domain X to a target domain Y in the absence of paired
examples. Our goal is to learn a mapping G : X ! Y
such that the distribution of images from G(X) is indistin-
guishable from the distribution Y using an adversarial loss.
Because this mapping is highly under-constrained, we cou-
ple it with an inverse mapping F : Y ! X and introduce a
cycle consistency loss to enforce F (G(X)) ⇡ X (and vice
versa). Qualitative results are presented on several tasks
where paired training data does not exist, including collec-
tion style transfer, object transfiguration, season transfer,
photo enhancement, etc. Quantitative comparisons against
several prior methods demonstrate the superiority of our
approach.

1. Introduction
What did Claude Monet see as he placed his easel by the

bank of the Seine near Argenteuil on a lovely spring day
in 1873 (Figure 1, top-left)? A color photograph, had it
been invented, may have documented a crisp blue sky and
a glassy river reflecting it. Monet conveyed his impression
of this same scene through wispy brush strokes and a bright
palette.

What if Monet had happened upon the little harbor in
Cassis on a cool summer evening (Figure 1, bottom-left)?
A brief stroll through a gallery of Monet paintings makes it
possible to imagine how he would have rendered the scene:
perhaps in pastel shades, with abrupt dabs of paint, and a
somewhat flattened dynamic range.

We can imagine all this despite never having seen a side
by side example of a Monet painting next to a photo of the
scene he painted. Instead we have knowledge of the set of
Monet paintings and of the set of landscape photographs.
We can reason about the stylistic differences between these

* indicates equal contribution
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Jun-Yan Zhu et al., https://arxiv.org/abs/1703.10593

Applications in machine learning community:

q GANs achieve such kind of creativity by preserving the distribution of training samples,
instead of fitting on individual training data.

q In practice, it is difficult to train GANs to preserve the whole distribution of training samples.

Background

Loss function:

Training samples

Generated
sample

Sample space

Random
noise

Generator

Deconvolutional net

Discriminator

Real

Fake

Label
space

Convolutional net

L(D,G) = Ex⇠pdata [logD(x)] + EG(z)⇠pg
[log(1�D(G(z)))]

Goodfellow et al., 2014

Methodology
Loss function of physics-informed GANs:

Physical constraint

⌃(p)

LPI(D,G) = L(D,G) + ↵Cphys + �Cstats
<latexit sha1_base64="rA5m3iIRovpOh4Wvc0hW727UfcY="></latexit><latexit sha1_base64="rA5m3iIRovpOh4Wvc0hW727UfcY="></latexit><latexit sha1_base64="rA5m3iIRovpOh4Wvc0hW727UfcY="></latexit><latexit sha1_base64="rA5m3iIRovpOh4Wvc0hW727UfcY="></latexit>

Cphys = F(G)
<latexit sha1_base64="TN7KYr8pEH4u2qPR0WY6TbRBQUE=">AAACB3icbVDLSsNAFJ34rPUVdSlIsAh1UxIRdCMUC+qygn1AE8JkOmmHTh7M3IglZOfGX3HjQhG3/oI7/8ZJm4W2HrhwOOde7r3HizmTYJrf2sLi0vLKammtvL6xubWt7+y2ZZQIQlsk4pHoelhSzkLaAgacdmNBceBx2vFGjdzv3FMhWRTewTimToAHIfMZwaAkVz9ouKkN9AHSeDiWWXZhBxiGBPP0KqteH7t6xayZExjzxCpIBRVouvqX3Y9IEtAQCMdS9iwzBifFAhjhNCvbiaQxJiM8oD1FQxxQ6aSTPzLjSCl9w4+EqhCMifp7IsWBlOPAU535lXLWy8X/vF4C/rmTsjBOgIZkushPuAGRkYdi9JmgBPhYEUwEU7caZIgFJqCiK6sQrNmX50n7pGaZNev2tFK/LOIooX10iKrIQmeojm5QE7UQQY/oGb2iN+1Je9HetY9p64JWzOyhP9A+fwBeNJmX</latexit><latexit sha1_base64="TN7KYr8pEH4u2qPR0WY6TbRBQUE=">AAACB3icbVDLSsNAFJ34rPUVdSlIsAh1UxIRdCMUC+qygn1AE8JkOmmHTh7M3IglZOfGX3HjQhG3/oI7/8ZJm4W2HrhwOOde7r3HizmTYJrf2sLi0vLKammtvL6xubWt7+y2ZZQIQlsk4pHoelhSzkLaAgacdmNBceBx2vFGjdzv3FMhWRTewTimToAHIfMZwaAkVz9ouKkN9AHSeDiWWXZhBxiGBPP0KqteH7t6xayZExjzxCpIBRVouvqX3Y9IEtAQCMdS9iwzBifFAhjhNCvbiaQxJiM8oD1FQxxQ6aSTPzLjSCl9w4+EqhCMifp7IsWBlOPAU535lXLWy8X/vF4C/rmTsjBOgIZkushPuAGRkYdi9JmgBPhYEUwEU7caZIgFJqCiK6sQrNmX50n7pGaZNev2tFK/LOIooX10iKrIQmeojm5QE7UQQY/oGb2iN+1Je9HetY9p64JWzOyhP9A+fwBeNJmX</latexit><latexit sha1_base64="TN7KYr8pEH4u2qPR0WY6TbRBQUE=">AAACB3icbVDLSsNAFJ34rPUVdSlIsAh1UxIRdCMUC+qygn1AE8JkOmmHTh7M3IglZOfGX3HjQhG3/oI7/8ZJm4W2HrhwOOde7r3HizmTYJrf2sLi0vLKammtvL6xubWt7+y2ZZQIQlsk4pHoelhSzkLaAgacdmNBceBx2vFGjdzv3FMhWRTewTimToAHIfMZwaAkVz9ouKkN9AHSeDiWWXZhBxiGBPP0KqteH7t6xayZExjzxCpIBRVouvqX3Y9IEtAQCMdS9iwzBifFAhjhNCvbiaQxJiM8oD1FQxxQ6aSTPzLjSCl9w4+EqhCMifp7IsWBlOPAU535lXLWy8X/vF4C/rmTsjBOgIZkushPuAGRkYdi9JmgBPhYEUwEU7caZIgFJqCiK6sQrNmX50n7pGaZNev2tFK/LOIooX10iKrIQmeojm5QE7UQQY/oGb2iN+1Je9HetY9p64JWzOyhP9A+fwBeNJmX</latexit><latexit sha1_base64="TN7KYr8pEH4u2qPR0WY6TbRBQUE=">AAACB3icbVDLSsNAFJ34rPUVdSlIsAh1UxIRdCMUC+qygn1AE8JkOmmHTh7M3IglZOfGX3HjQhG3/oI7/8ZJm4W2HrhwOOde7r3HizmTYJrf2sLi0vLKammtvL6xubWt7+y2ZZQIQlsk4pHoelhSzkLaAgacdmNBceBx2vFGjdzv3FMhWRTewTimToAHIfMZwaAkVz9ouKkN9AHSeDiWWXZhBxiGBPP0KqteH7t6xayZExjzxCpIBRVouvqX3Y9IEtAQCMdS9iwzBifFAhjhNCvbiaQxJiM8oD1FQxxQ6aSTPzLjSCl9w4+EqhCMifp7IsWBlOPAU535lXLWy8X/vF4C/rmTsjBOgIZkushPuAGRkYdi9JmgBPhYEUwEU7caZIgFJqCiK6sQrNmX50n7pGaZNev2tFK/LOIooX10iKrIQmeojm5QE7UQQY/oGb2iN+1Je9HetY9p64JWzOyhP9A+fwBeNJmX</latexit>

Cstats = d(⌃(pdata),⌃(pG(z)))
<latexit sha1_base64="fnRb0IgxjkCy3zJ0eryLiALz1To="></latexit><latexit sha1_base64="fnRb0IgxjkCy3zJ0eryLiALz1To="></latexit><latexit sha1_base64="fnRb0IgxjkCy3zJ0eryLiALz1To="></latexit><latexit sha1_base64="fnRb0IgxjkCy3zJ0eryLiALz1To="></latexit>

The penalty terms are defined as follows:

Statistical constraint
where 

: covariance structure of a distribution p

F
<latexit sha1_base64="EMr2CMGEx4jaB+rjB417hZxm8Lw=">AAAB8nicbVDLSsNAFL2pr1pfVZdugkVwVRIRdFkUxGUF+4A2lMl00g6dzISZG6GEfoYbF4q49Wvc+TdO2iy09cDA4Zx7mXNPmAhu0PO+ndLa+sbmVnm7srO7t39QPTxqG5VqylpUCaW7ITFMcMlayFGwbqIZiUPBOuHkNvc7T0wbruQjThMWxGQkecQpQSv1+jHBMSUiu5sNqjWv7s3hrhK/IDUo0BxUv/pDRdOYSaSCGNPzvQSDjGjkVLBZpZ8alhA6ISPWs1SSmJkgm0eeuWdWGbqR0vZJdOfq742MxMZM49BO5hHNspeL/3m9FKPrIOMySZFJuvgoSoWLys3vd4dcM4piagmhmtusLh0TTSjaliq2BH/55FXSvqj7Xt1/uKw1boo6ynACp3AOPlxBA+6hCS2goOAZXuHNQefFeXc+FqMlp9g5hj9wPn8Ad+eRXA==</latexit><latexit sha1_base64="EMr2CMGEx4jaB+rjB417hZxm8Lw=">AAAB8nicbVDLSsNAFL2pr1pfVZdugkVwVRIRdFkUxGUF+4A2lMl00g6dzISZG6GEfoYbF4q49Wvc+TdO2iy09cDA4Zx7mXNPmAhu0PO+ndLa+sbmVnm7srO7t39QPTxqG5VqylpUCaW7ITFMcMlayFGwbqIZiUPBOuHkNvc7T0wbruQjThMWxGQkecQpQSv1+jHBMSUiu5sNqjWv7s3hrhK/IDUo0BxUv/pDRdOYSaSCGNPzvQSDjGjkVLBZpZ8alhA6ISPWs1SSmJkgm0eeuWdWGbqR0vZJdOfq742MxMZM49BO5hHNspeL/3m9FKPrIOMySZFJuvgoSoWLys3vd4dcM4piagmhmtusLh0TTSjaliq2BH/55FXSvqj7Xt1/uKw1boo6ynACp3AOPlxBA+6hCS2goOAZXuHNQefFeXc+FqMlp9g5hj9wPn8Ad+eRXA==</latexit><latexit sha1_base64="EMr2CMGEx4jaB+rjB417hZxm8Lw=">AAAB8nicbVDLSsNAFL2pr1pfVZdugkVwVRIRdFkUxGUF+4A2lMl00g6dzISZG6GEfoYbF4q49Wvc+TdO2iy09cDA4Zx7mXNPmAhu0PO+ndLa+sbmVnm7srO7t39QPTxqG5VqylpUCaW7ITFMcMlayFGwbqIZiUPBOuHkNvc7T0wbruQjThMWxGQkecQpQSv1+jHBMSUiu5sNqjWv7s3hrhK/IDUo0BxUv/pDRdOYSaSCGNPzvQSDjGjkVLBZpZ8alhA6ISPWs1SSmJkgm0eeuWdWGbqR0vZJdOfq742MxMZM49BO5hHNspeL/3m9FKPrIOMySZFJuvgoSoWLys3vd4dcM4piagmhmtusLh0TTSjaliq2BH/55FXSvqj7Xt1/uKw1boo6ynACp3AOPlxBA+6hCS2goOAZXuHNQefFeXc+FqMlp9g5hj9wPn8Ad+eRXA==</latexit><latexit sha1_base64="EMr2CMGEx4jaB+rjB417hZxm8Lw=">AAAB8nicbVDLSsNAFL2pr1pfVZdugkVwVRIRdFkUxGUF+4A2lMl00g6dzISZG6GEfoYbF4q49Wvc+TdO2iy09cDA4Zx7mXNPmAhu0PO+ndLa+sbmVnm7srO7t39QPTxqG5VqylpUCaW7ITFMcMlayFGwbqIZiUPBOuHkNvc7T0wbruQjThMWxGQkecQpQSv1+jHBMSUiu5sNqjWv7s3hrhK/IDUo0BxUv/pDRdOYSaSCGNPzvQSDjGjkVLBZpZ8alhA6ISPWs1SSmJkgm0eeuWdWGbqR0vZJdOfq742MxMZM49BO5hHNspeL/3m9FKPrIOMySZFJuvgoSoWLys3vd4dcM4piagmhmtusLh0TTSjaliq2BH/55FXSvqj7Xt1/uKw1boo6ynACp3AOPlxBA+6hCS2goOAZXuHNQefFeXc+FqMlp9g5hj9wPn8Ad+eRXA==</latexit>

: operator of physical laws

d
<latexit sha1_base64="VFuwgu+V5p0BTRBgWq/UWrlORlI=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KokIeix68diC/YA2lM1m0q7dbMLuRiihv8CLB0W8+pO8+W/ctjlo64OBx3szzMwLUsG1cd1vZ219Y3Nru7RT3t3bPzisHB23dZIphi2WiER1A6pRcIktw43AbqqQxoHATjC+m/mdJ1SaJ/LBTFL0YzqUPOKMGis1w0Gl6tbcOcgq8QpShQKNQeWrHyYsi1EaJqjWPc9NjZ9TZTgTOC33M40pZWM6xJ6lksao/Xx+6JScWyUkUaJsSUPm6u+JnMZaT+LAdsbUjPSyNxP/83qZiW78nMs0MyjZYlGUCWISMvuahFwhM2JiCWWK21sJG1FFmbHZlG0I3vLLq6R9WfPcmte8qtZvizhKcApncAEeXEMd7qEBLWCA8Ayv8OY8Oi/Ou/OxaF1zipkT+APn8wfH6Yzo</latexit><latexit sha1_base64="VFuwgu+V5p0BTRBgWq/UWrlORlI=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KokIeix68diC/YA2lM1m0q7dbMLuRiihv8CLB0W8+pO8+W/ctjlo64OBx3szzMwLUsG1cd1vZ219Y3Nru7RT3t3bPzisHB23dZIphi2WiER1A6pRcIktw43AbqqQxoHATjC+m/mdJ1SaJ/LBTFL0YzqUPOKMGis1w0Gl6tbcOcgq8QpShQKNQeWrHyYsi1EaJqjWPc9NjZ9TZTgTOC33M40pZWM6xJ6lksao/Xx+6JScWyUkUaJsSUPm6u+JnMZaT+LAdsbUjPSyNxP/83qZiW78nMs0MyjZYlGUCWISMvuahFwhM2JiCWWK21sJG1FFmbHZlG0I3vLLq6R9WfPcmte8qtZvizhKcApncAEeXEMd7qEBLWCA8Ayv8OY8Oi/Ou/OxaF1zipkT+APn8wfH6Yzo</latexit><latexit sha1_base64="VFuwgu+V5p0BTRBgWq/UWrlORlI=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KokIeix68diC/YA2lM1m0q7dbMLuRiihv8CLB0W8+pO8+W/ctjlo64OBx3szzMwLUsG1cd1vZ219Y3Nru7RT3t3bPzisHB23dZIphi2WiER1A6pRcIktw43AbqqQxoHATjC+m/mdJ1SaJ/LBTFL0YzqUPOKMGis1w0Gl6tbcOcgq8QpShQKNQeWrHyYsi1EaJqjWPc9NjZ9TZTgTOC33M40pZWM6xJ6lksao/Xx+6JScWyUkUaJsSUPm6u+JnMZaT+LAdsbUjPSyNxP/83qZiW78nMs0MyjZYlGUCWISMvuahFwhM2JiCWWK21sJG1FFmbHZlG0I3vLLq6R9WfPcmte8qtZvizhKcApncAEeXEMd7qEBLWCA8Ayv8OY8Oi/Ou/OxaF1zipkT+APn8wfH6Yzo</latexit><latexit sha1_base64="VFuwgu+V5p0BTRBgWq/UWrlORlI=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KokIeix68diC/YA2lM1m0q7dbMLuRiihv8CLB0W8+pO8+W/ctjlo64OBx3szzMwLUsG1cd1vZ219Y3Nru7RT3t3bPzisHB23dZIphi2WiER1A6pRcIktw43AbqqQxoHATjC+m/mdJ1SaJ/LBTFL0YzqUPOKMGis1w0Gl6tbcOcgq8QpShQKNQeWrHyYsi1EaJqjWPc9NjZ9TZTgTOC33M40pZWM6xJ6lksao/Xx+6JScWyUkUaJsSUPm6u+JnMZaT+LAdsbUjPSyNxP/83qZiW78nMs0MyjZYlGUCWISMvuahFwhM2JiCWWK21sJG1FFmbHZlG0I3vLLq6R9WfPcmte8qtZvizhKcApncAEeXEMd7qEBLWCA8Ayv8OY8Oi/Ou/OxaF1zipkT+APn8wfH6Yzo</latexit>

: distance metric of covariance structure

Test I: 2-D Gaussian Process

Training data

Covariance structure (with regard to the center point):

Standard GAN Constrained GAN
High-order statistics:

q The constrained GAN better captures the spatial correlation of the training data.
q Improvement in high-order statistics can also be achieved by using the constrained GAN.

GAN Constrained GAN

Test II: Rayleigh-Bénard Convection
Turbulent kinetic energy field (Ra=10,000):

Training
data

Standard
GAN

Constrained 
GAN

Cold wall

Hot wall
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di
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rio
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Learning rate=2e-3 Learning rate=2e-2

Turbulent kinetic energy spectrum:

Learning rate=2e-3

Learning rate=2e-2

Constrained GAN

Constrained GAN

Conclusions

Test III: Rayleigh-Bénard Convection

Future work

Higher resolution RBC simulation (Ra=2.5e8, Pr=0.71)

Potential applications:
q Emulate atmospheric convection as represented by large eddy simulations or cloud resolving models.
q Turbulence modeling, e.g., emulating or even predicting high-order moments of instantaneous velocity 

from DNS simulation.

Mean
velocity

TKE

Training data Standard GAN
(20 epochs)

Standard GAN
(100 epochs)

Constrained GAN
(20 epochs)

In this work, we proposed a physics-informed generative adversarial network (PI-GAN) to enhance the
performance of GANs by incorporating both constraints of covariance structure and physical laws. The
potential impacts include:
q Using covariance to enhance the robustness of GANs when emulating PDE-governed systems.
q Improving the high-order statistics of the generated samples, potentially important for the closure

problem of nonlinear PDE-governed systems, e.g., turbulence.

q The standard GAN provides unsatisfactory results 
of mean velocity and TKE with 20 epochs.

q With standard GAN at 100 training epochs, more 
noise can be seen in energy spectrum, indicating 
that the results are not asymptotically improved with 
more epochs.

q The constrained GAN better captures the pattern of 
training data.
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Generative Adversarial Networks (GANs)

Unpaired Image-to-Image Translation
using Cycle-Consistent Adversarial Networks
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Figure 1: Given any two unordered image collections X and Y , our algorithm learns to automatically “translate” an image
from one into the other and vice versa: (left) Monet paintings and landscape photos from Flickr; (center) zebras and horses
from ImageNet; (right) summer and winter Yosemite photos from Flickr. Example application (bottom): using a collection
of paintings of famous artists, our method learns to render natural photographs into the respective styles.

Abstract
Image-to-image translation is a class of vision and

graphics problems where the goal is to learn the mapping
between an input image and an output image using a train-
ing set of aligned image pairs. However, for many tasks,
paired training data will not be available. We present an
approach for learning to translate an image from a source
domain X to a target domain Y in the absence of paired
examples. Our goal is to learn a mapping G : X ! Y
such that the distribution of images from G(X) is indistin-
guishable from the distribution Y using an adversarial loss.
Because this mapping is highly under-constrained, we cou-
ple it with an inverse mapping F : Y ! X and introduce a
cycle consistency loss to enforce F (G(X)) ⇡ X (and vice
versa). Qualitative results are presented on several tasks
where paired training data does not exist, including collec-
tion style transfer, object transfiguration, season transfer,
photo enhancement, etc. Quantitative comparisons against
several prior methods demonstrate the superiority of our
approach.

1. Introduction
What did Claude Monet see as he placed his easel by the

bank of the Seine near Argenteuil on a lovely spring day
in 1873 (Figure 1, top-left)? A color photograph, had it
been invented, may have documented a crisp blue sky and
a glassy river reflecting it. Monet conveyed his impression
of this same scene through wispy brush strokes and a bright
palette.

What if Monet had happened upon the little harbor in
Cassis on a cool summer evening (Figure 1, bottom-left)?
A brief stroll through a gallery of Monet paintings makes it
possible to imagine how he would have rendered the scene:
perhaps in pastel shades, with abrupt dabs of paint, and a
somewhat flattened dynamic range.

We can imagine all this despite never having seen a side
by side example of a Monet painting next to a photo of the
scene he painted. Instead we have knowledge of the set of
Monet paintings and of the set of landscape photographs.
We can reason about the stylistic differences between these

* indicates equal contribution
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domain X to a target domain Y in the absence of paired
examples. Our goal is to learn a mapping G : X ! Y
such that the distribution of images from G(X) is indistin-
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Because this mapping is highly under-constrained, we cou-
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cycle consistency loss to enforce F (G(X)) ⇡ X (and vice
versa). Qualitative results are presented on several tasks
where paired training data does not exist, including collec-
tion style transfer, object transfiguration, season transfer,
photo enhancement, etc. Quantitative comparisons against
several prior methods demonstrate the superiority of our
approach.

1. Introduction
What did Claude Monet see as he placed his easel by the

bank of the Seine near Argenteuil on a lovely spring day
in 1873 (Figure 1, top-left)? A color photograph, had it
been invented, may have documented a crisp blue sky and
a glassy river reflecting it. Monet conveyed his impression
of this same scene through wispy brush strokes and a bright
palette.

What if Monet had happened upon the little harbor in
Cassis on a cool summer evening (Figure 1, bottom-left)?
A brief stroll through a gallery of Monet paintings makes it
possible to imagine how he would have rendered the scene:
perhaps in pastel shades, with abrupt dabs of paint, and a
somewhat flattened dynamic range.

We can imagine all this despite never having seen a side
by side example of a Monet painting next to a photo of the
scene he painted. Instead we have knowledge of the set of
Monet paintings and of the set of landscape photographs.
We can reason about the stylistic differences between these
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Applications in machine learning community:

q GANs achieve such kind of creativity by preserving the distribution of training samples,
instead of fitting on individual training data.

q In practice, it is difficult to train GANs to preserve the whole distribution of training samples.

Background

Loss function:

Training samples

Generated
sample

Sample space

Random
noise

Generator

Deconvolutional net

Discriminator

Real

Fake

Label
space

Convolutional net

L(D,G) = Ex⇠pdata [logD(x)] + EG(z)⇠pg
[log(1�D(G(z)))]

Goodfellow et al., 2014

Methodology
Loss function of physics-informed GANs:

Physical constraint

⌃(p)

LPI(D,G) = L(D,G) + ↵Cphys + �Cstats
<latexit sha1_base64="rA5m3iIRovpOh4Wvc0hW727UfcY="></latexit><latexit sha1_base64="rA5m3iIRovpOh4Wvc0hW727UfcY="></latexit><latexit sha1_base64="rA5m3iIRovpOh4Wvc0hW727UfcY="></latexit><latexit sha1_base64="rA5m3iIRovpOh4Wvc0hW727UfcY="></latexit>

Cphys = F(G)
<latexit sha1_base64="TN7KYr8pEH4u2qPR0WY6TbRBQUE=">AAACB3icbVDLSsNAFJ34rPUVdSlIsAh1UxIRdCMUC+qygn1AE8JkOmmHTh7M3IglZOfGX3HjQhG3/oI7/8ZJm4W2HrhwOOde7r3HizmTYJrf2sLi0vLKammtvL6xubWt7+y2ZZQIQlsk4pHoelhSzkLaAgacdmNBceBx2vFGjdzv3FMhWRTewTimToAHIfMZwaAkVz9ouKkN9AHSeDiWWXZhBxiGBPP0KqteH7t6xayZExjzxCpIBRVouvqX3Y9IEtAQCMdS9iwzBifFAhjhNCvbiaQxJiM8oD1FQxxQ6aSTPzLjSCl9w4+EqhCMifp7IsWBlOPAU535lXLWy8X/vF4C/rmTsjBOgIZkushPuAGRkYdi9JmgBPhYEUwEU7caZIgFJqCiK6sQrNmX50n7pGaZNev2tFK/LOIooX10iKrIQmeojm5QE7UQQY/oGb2iN+1Je9HetY9p64JWzOyhP9A+fwBeNJmX</latexit><latexit sha1_base64="TN7KYr8pEH4u2qPR0WY6TbRBQUE=">AAACB3icbVDLSsNAFJ34rPUVdSlIsAh1UxIRdCMUC+qygn1AE8JkOmmHTh7M3IglZOfGX3HjQhG3/oI7/8ZJm4W2HrhwOOde7r3HizmTYJrf2sLi0vLKammtvL6xubWt7+y2ZZQIQlsk4pHoelhSzkLaAgacdmNBceBx2vFGjdzv3FMhWRTewTimToAHIfMZwaAkVz9ouKkN9AHSeDiWWXZhBxiGBPP0KqteH7t6xayZExjzxCpIBRVouvqX3Y9IEtAQCMdS9iwzBifFAhjhNCvbiaQxJiM8oD1FQxxQ6aSTPzLjSCl9w4+EqhCMifp7IsWBlOPAU535lXLWy8X/vF4C/rmTsjBOgIZkushPuAGRkYdi9JmgBPhYEUwEU7caZIgFJqCiK6sQrNmX50n7pGaZNev2tFK/LOIooX10iKrIQmeojm5QE7UQQY/oGb2iN+1Je9HetY9p64JWzOyhP9A+fwBeNJmX</latexit><latexit sha1_base64="TN7KYr8pEH4u2qPR0WY6TbRBQUE=">AAACB3icbVDLSsNAFJ34rPUVdSlIsAh1UxIRdCMUC+qygn1AE8JkOmmHTh7M3IglZOfGX3HjQhG3/oI7/8ZJm4W2HrhwOOde7r3HizmTYJrf2sLi0vLKammtvL6xubWt7+y2ZZQIQlsk4pHoelhSzkLaAgacdmNBceBx2vFGjdzv3FMhWRTewTimToAHIfMZwaAkVz9ouKkN9AHSeDiWWXZhBxiGBPP0KqteH7t6xayZExjzxCpIBRVouvqX3Y9IEtAQCMdS9iwzBifFAhjhNCvbiaQxJiM8oD1FQxxQ6aSTPzLjSCl9w4+EqhCMifp7IsWBlOPAU535lXLWy8X/vF4C/rmTsjBOgIZkushPuAGRkYdi9JmgBPhYEUwEU7caZIgFJqCiK6sQrNmX50n7pGaZNev2tFK/LOIooX10iKrIQmeojm5QE7UQQY/oGb2iN+1Je9HetY9p64JWzOyhP9A+fwBeNJmX</latexit><latexit sha1_base64="TN7KYr8pEH4u2qPR0WY6TbRBQUE=">AAACB3icbVDLSsNAFJ34rPUVdSlIsAh1UxIRdCMUC+qygn1AE8JkOmmHTh7M3IglZOfGX3HjQhG3/oI7/8ZJm4W2HrhwOOde7r3HizmTYJrf2sLi0vLKammtvL6xubWt7+y2ZZQIQlsk4pHoelhSzkLaAgacdmNBceBx2vFGjdzv3FMhWRTewTimToAHIfMZwaAkVz9ouKkN9AHSeDiWWXZhBxiGBPP0KqteH7t6xayZExjzxCpIBRVouvqX3Y9IEtAQCMdS9iwzBifFAhjhNCvbiaQxJiM8oD1FQxxQ6aSTPzLjSCl9w4+EqhCMifp7IsWBlOPAU535lXLWy8X/vF4C/rmTsjBOgIZkushPuAGRkYdi9JmgBPhYEUwEU7caZIgFJqCiK6sQrNmX50n7pGaZNev2tFK/LOIooX10iKrIQmeojm5QE7UQQY/oGb2iN+1Je9HetY9p64JWzOyhP9A+fwBeNJmX</latexit>

Cstats = d(⌃(pdata),⌃(pG(z)))
<latexit sha1_base64="fnRb0IgxjkCy3zJ0eryLiALz1To="></latexit><latexit sha1_base64="fnRb0IgxjkCy3zJ0eryLiALz1To="></latexit><latexit sha1_base64="fnRb0IgxjkCy3zJ0eryLiALz1To="></latexit><latexit sha1_base64="fnRb0IgxjkCy3zJ0eryLiALz1To="></latexit>

The penalty terms are defined as follows:

Statistical constraint
where 

: covariance structure of a distribution p

F
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: operator of physical laws

d
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: distance metric of covariance structure

Test I: 2-D Gaussian Process

Training data

Covariance structure (with regard to the center point):

Standard GAN Constrained GAN
High-order statistics:

q The constrained GAN better captures the spatial correlation of the training data.
q Improvement in high-order statistics can also be achieved by using the constrained GAN.

GAN Constrained GAN

Test II: Rayleigh-Bénard Convection
Turbulent kinetic energy field (Ra=10,000):

Training
data

Standard
GAN

Constrained 
GAN

Cold wall

Hot wall
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di
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Learning rate=2e-3 Learning rate=2e-2

Turbulent kinetic energy spectrum:

Learning rate=2e-3

Learning rate=2e-2

Constrained GAN

Constrained GAN

Conclusions

Test III: Rayleigh-Bénard Convection

Future work

Higher resolution RBC simulation (Ra=2.5e8, Pr=0.71)

Potential applications:
q Emulate atmospheric convection as represented by large eddy simulations or cloud resolving models.
q Turbulence modeling, e.g., emulating or even predicting high-order moments of instantaneous velocity 

from DNS simulation.

Mean
velocity

TKE

Training data Standard GAN
(20 epochs)

Standard GAN
(100 epochs)

Constrained GAN
(20 epochs)

In this work, we proposed a physics-informed generative adversarial network (PI-GAN) to enhance the
performance of GANs by incorporating both constraints of covariance structure and physical laws. The
potential impacts include:
q Using covariance to enhance the robustness of GANs when emulating PDE-governed systems.
q Improving the high-order statistics of the generated samples, potentially important for the closure

problem of nonlinear PDE-governed systems, e.g., turbulence.

q The standard GAN provides unsatisfactory results 
of mean velocity and TKE with 20 epochs.

q With standard GAN at 100 training epochs, more 
noise can be seen in energy spectrum, indicating 
that the results are not asymptotically improved with 
more epochs.

q The constrained GAN better captures the pattern of 
training data.
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Generative Adversarial Networks (GANs)

Unpaired Image-to-Image Translation
using Cycle-Consistent Adversarial Networks
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Figure 1: Given any two unordered image collections X and Y , our algorithm learns to automatically “translate” an image
from one into the other and vice versa: (left) Monet paintings and landscape photos from Flickr; (center) zebras and horses
from ImageNet; (right) summer and winter Yosemite photos from Flickr. Example application (bottom): using a collection
of paintings of famous artists, our method learns to render natural photographs into the respective styles.

Abstract
Image-to-image translation is a class of vision and

graphics problems where the goal is to learn the mapping
between an input image and an output image using a train-
ing set of aligned image pairs. However, for many tasks,
paired training data will not be available. We present an
approach for learning to translate an image from a source
domain X to a target domain Y in the absence of paired
examples. Our goal is to learn a mapping G : X ! Y
such that the distribution of images from G(X) is indistin-
guishable from the distribution Y using an adversarial loss.
Because this mapping is highly under-constrained, we cou-
ple it with an inverse mapping F : Y ! X and introduce a
cycle consistency loss to enforce F (G(X)) ⇡ X (and vice
versa). Qualitative results are presented on several tasks
where paired training data does not exist, including collec-
tion style transfer, object transfiguration, season transfer,
photo enhancement, etc. Quantitative comparisons against
several prior methods demonstrate the superiority of our
approach.

1. Introduction
What did Claude Monet see as he placed his easel by the

bank of the Seine near Argenteuil on a lovely spring day
in 1873 (Figure 1, top-left)? A color photograph, had it
been invented, may have documented a crisp blue sky and
a glassy river reflecting it. Monet conveyed his impression
of this same scene through wispy brush strokes and a bright
palette.

What if Monet had happened upon the little harbor in
Cassis on a cool summer evening (Figure 1, bottom-left)?
A brief stroll through a gallery of Monet paintings makes it
possible to imagine how he would have rendered the scene:
perhaps in pastel shades, with abrupt dabs of paint, and a
somewhat flattened dynamic range.

We can imagine all this despite never having seen a side
by side example of a Monet painting next to a photo of the
scene he painted. Instead we have knowledge of the set of
Monet paintings and of the set of landscape photographs.
We can reason about the stylistic differences between these

* indicates equal contribution

1

ar
X

iv
:1

70
3.

10
59

3v
4 

 [c
s.C

V
]  

19
 F

eb
 2

01
8

Unpaired Image-to-Image Translation
using Cycle-Consistent Adversarial Networks

Jun-Yan Zhu⇤ Taesung Park⇤ Phillip Isola Alexei A. Efros
Berkeley AI Research (BAIR) laboratory, UC Berkeley

Zebras Horses

horse        zebra

zebra        horse

Summer Winter

summer        winter

winter        summer

Photograph Van Gogh CezanneMonet Ukiyo-e

Monet        Photos

Monet        photo

photo       Monet

Figure 1: Given any two unordered image collections X and Y , our algorithm learns to automatically “translate” an image
from one into the other and vice versa: (left) Monet paintings and landscape photos from Flickr; (center) zebras and horses
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approach for learning to translate an image from a source
domain X to a target domain Y in the absence of paired
examples. Our goal is to learn a mapping G : X ! Y
such that the distribution of images from G(X) is indistin-
guishable from the distribution Y using an adversarial loss.
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ple it with an inverse mapping F : Y ! X and introduce a
cycle consistency loss to enforce F (G(X)) ⇡ X (and vice
versa). Qualitative results are presented on several tasks
where paired training data does not exist, including collec-
tion style transfer, object transfiguration, season transfer,
photo enhancement, etc. Quantitative comparisons against
several prior methods demonstrate the superiority of our
approach.
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What did Claude Monet see as he placed his easel by the

bank of the Seine near Argenteuil on a lovely spring day
in 1873 (Figure 1, top-left)? A color photograph, had it
been invented, may have documented a crisp blue sky and
a glassy river reflecting it. Monet conveyed his impression
of this same scene through wispy brush strokes and a bright
palette.

What if Monet had happened upon the little harbor in
Cassis on a cool summer evening (Figure 1, bottom-left)?
A brief stroll through a gallery of Monet paintings makes it
possible to imagine how he would have rendered the scene:
perhaps in pastel shades, with abrupt dabs of paint, and a
somewhat flattened dynamic range.

We can imagine all this despite never having seen a side
by side example of a Monet painting next to a photo of the
scene he painted. Instead we have knowledge of the set of
Monet paintings and of the set of landscape photographs.
We can reason about the stylistic differences between these
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Applications in machine learning community:

q GANs achieve such kind of creativity by preserving the distribution of training samples,
instead of fitting on individual training data.

q In practice, it is difficult to train GANs to preserve the whole distribution of training samples.

Background

Loss function:

Training samples

Generated
sample

Sample space

Random
noise

Generator

Deconvolutional net

Discriminator

Real

Fake

Label
space

Convolutional net

L(D,G) = Ex⇠pdata [logD(x)] + EG(z)⇠pg
[log(1�D(G(z)))]

Goodfellow et al., 2014

Methodology
Loss function of physics-informed GANs:

Physical constraint

⌃(p)

LPI(D,G) = L(D,G) + ↵Cphys + �Cstats
<latexit sha1_base64="rA5m3iIRovpOh4Wvc0hW727UfcY="></latexit><latexit sha1_base64="rA5m3iIRovpOh4Wvc0hW727UfcY="></latexit><latexit sha1_base64="rA5m3iIRovpOh4Wvc0hW727UfcY="></latexit><latexit sha1_base64="rA5m3iIRovpOh4Wvc0hW727UfcY="></latexit>

Cphys = F(G)
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Cstats = d(⌃(pdata),⌃(pG(z)))
<latexit sha1_base64="fnRb0IgxjkCy3zJ0eryLiALz1To="></latexit><latexit sha1_base64="fnRb0IgxjkCy3zJ0eryLiALz1To="></latexit><latexit sha1_base64="fnRb0IgxjkCy3zJ0eryLiALz1To="></latexit><latexit sha1_base64="fnRb0IgxjkCy3zJ0eryLiALz1To="></latexit>

The penalty terms are defined as follows:

Statistical constraint
where 

: covariance structure of a distribution p

F
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: operator of physical laws

d
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: distance metric of covariance structure

Test I: 2-D Gaussian Process

Training data

Covariance structure (with regard to the center point):

Standard GAN Constrained GAN
High-order statistics:

q The constrained GAN better captures the spatial correlation of the training data.
q Improvement in high-order statistics can also be achieved by using the constrained GAN.

GAN Constrained GAN

Test II: Rayleigh-Bénard Convection
Turbulent kinetic energy field (Ra=10,000):
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Learning rate=2e-2

Constrained GAN

Constrained GAN

Conclusions

Test III: Rayleigh-Bénard Convection

Future work

Higher resolution RBC simulation (Ra=2.5e8, Pr=0.71)

Potential applications:
q Emulate atmospheric convection as represented by large eddy simulations or cloud resolving models.
q Turbulence modeling, e.g., emulating or even predicting high-order moments of instantaneous velocity 

from DNS simulation.

Mean
velocity

TKE

Training data Standard GAN
(20 epochs)

Standard GAN
(100 epochs)

Constrained GAN
(20 epochs)

In this work, we proposed a physics-informed generative adversarial network (PI-GAN) to enhance the
performance of GANs by incorporating both constraints of covariance structure and physical laws. The
potential impacts include:
q Using covariance to enhance the robustness of GANs when emulating PDE-governed systems.
q Improving the high-order statistics of the generated samples, potentially important for the closure

problem of nonlinear PDE-governed systems, e.g., turbulence.

q The standard GAN provides unsatisfactory results 
of mean velocity and TKE with 20 epochs.

q With standard GAN at 100 training epochs, more 
noise can be seen in energy spectrum, indicating 
that the results are not asymptotically improved with 
more epochs.

q The constrained GAN better captures the pattern of 
training data.
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Further Information



Short-Term Challenges

• Complex	Data	
– 2D/3D/4D,	multi-channel,	dense/sparse
– Multi-scale,	Spatial	and	Temporal	coherence

• Hyper-Parameter Optimization
– Tuning	#layers,	#filters,	learning	rates	is	a	black	art

• Performance	and	Scaling
– Current	networks	take	days	to	train	on	O(10)	GB	datasets,	we	
have	O(100)	TB	datasets	on	hand	

• Scarcity	of	reliable,	high-quality	Labeled Data
– Communities	need	to	self-organize	and	run	labeling	campaigns
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Long-Term Challenges

• Theory
– Limits	of	supervised,	unsupervised,	semi-supervised	learning
– GANs	are	promising,	but	unstable	and	hard	to	train

• Interpretability and	Explainability
– Need	to	visualize	representations
– Incorporate	domain	science	principles	(physical	constraints,			
conservation	laws,	etc.)

• Uncertainty	Quantification

• Formal	protocol	for	applying	Deep	Learning	
– Applied	Math	has	developed	methodology	for	solving	PDEs	over	
decades,	no	analog	in	DL
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IN033: Incorporating physics and domain knowledge to 
improve interpretability, explainability, reliability and 

generalization on Machine Learning Models
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AGU Tutorial on Machine Learning and Deep Learning 
for the environmental and geosciences



Questions?
kkashinath@lbl.gov


