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December 2021: Boulder County, Colorado
● Snow drought conditions through fall and winter 2021 created dry land-cover
● 80-100 mph winds, combined with ignition, launched an uncontrollable “fire storm”
● Loss of 2 lives. 1000 homes and 20 businesses were destroyed, and more damaged
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January 2018: Montecito, Santa Barbara County
● Thomas Fire destroyed 1063 structures and led to poor air quality
● Intense rainfall as the fire was nearing containment produced a debris flow
● 23 lives and over 130 homes were lost
● Damage to criQcal transportaQon and water resource infrastructure



CONFIDENTIAL MERIT REVIEW INFORMATION 4



Machine learning can shed light on climate change
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“The AI opportunity for the Earth is significant. Today’s AI explosion will see us add AI 
to more and more things every year.... As we think about the gains, efficiencies and 
new soluCons this creates for naCons, business and for everyday life, we must also 
think about how to maximize the gains for society and our environment at large.”

– The World Economic Forum: Harnessing ArCficial Intelligence for the Earth. 2018 



Climate Informa<cs is based on the vision that
Machine learning can shed light on climate change

2008 Start work on Climate Informa4cs (with Gavin Schmidt, NASA)
2010 “Tracking Climate Models” [Monteleoni et al., NASA CIDU, Best Paper]
2011 Launch of Interna4onal Conference on Climate Informa4cs, NYAS
2013 “Climate Informa4cs” book chapter [M et al., SAM]
2014 "Climate Change: Challenges for Machine Learning,” [M & Banerjee, NeurIPS]
2015 Launch of Climate Informa4cs Hackathon, Paris and Boulder, CO
2018 World Economic Forum recognizes Climate Informa4cs as key priority
2019 Climate Informa4cs Conference held at ENS, Paris
2022 First batch of ar4cles published in Environmental Data Science, 

Cambridge University Press 
2022    11th Conference on Climate Informa4cs and 8th Hackathon, NOAA, North Carolina
2023 12th Conference on Climate Informa4cs and 9th Hackathon, Cambridge UK, April



AI for Climate Change and Environmental 
Sustainability
• Understanding and Predic.ng Climate Change: Ocean, Atmosphere, 

and Water-cycle 

• AI-driven Forecas.ng of Extreme Weather and Cascading Hazards 

• AI for Green Energy and Industry 



Online learning from non-stationary 
spatiotemporal data to adaptively 
combine climate model ensemble 
forecasts
[Multiple papers 2009-2020, e.g., AAAI 2012, 
ALT 2020]

Causal information hubs in Pacific 
ENSO region
[Saha et al. Climate Informatics 2019]

NASA project to attribute and 
forecast sea-level rise using climate 
models and satellite altimetry

Understanding and Predic.ng Climate Change: 
Ocean, Atmosphere, and Water-cycle 

UCAR Science Educa8on



Online learning with spa<otemporal 
non-sta<onarity
Learning when the target concept can vary over 1me, 
and mul1ple other dimensions (e.g., la1tude, longitude)

We can exploit local structure in space and 1me

We can learn the level of non-sta1onarity in 1me and space
[McQuade and Monteleoni, AAAI 2012] extended [Monteleoni & Jaakkola, 
NeurIPS 2003; Monteleoni et al. SAM 2011] to mulBple dimensions

This framework for online learning was open in machine learning
New “regret” framework: [Cesa-Bianchi, Cesari, & Monteleoni, ALT 2020]

Predic1on at mul1ple 1mescales simultaneously 
ApplicaBons to both climate science, and financial volaBlity:
[McQuade and Monteleoni, CI 2015; SIGMOD DSMM 2016]



AI-driven Forecas.ng of Extreme Weather 
and Cascading Hazards 

Defining and detecAng diverse, mulAvariate 
extreme events with topic modeling
[Tang & Monteleoni, Climate InformaQcs 2014; IEEE CISE 2015]

Hurricane track predicAon via fused CNNs 
[Giffard-Roisin et al., Climate InformaQcs 2018; FronQers 2020]

Avalanche detecAon using CNN; VAE
[Sinha et al., Climate InformaQcs 2019; 2020] with Météo-France

ForecasAng Indian Summer Monsoon 
precipitaAon extremes
[Saha et al. Climate InformaQcs 2019; 2020] with India Meteo. Dept.

[Giffard-Roisin et al.,Fron8ers 2020]



Avalanche detection

● Limited in-situ ground-truth 
measurements
• Météo-France

● Unlabeled SAR imagery
• Monitoring French Alps in 2017-2018
• Sen4nel-1A and 1B satellites
• 4 features:

• BackscaZer coefficients at present and previous Bme
• Topological features: Slope & Angle 

[Sinha et al., Climate Informa8cs 2020]



[Sinha et al., Climate Informa8cs 2020]

Avalanche detec<on using VAE anomaly detec<on



AI for Green Energy 
and Industry 

Week-ahead solar irradiance 
forecas.ng via deep sequence 
learning 
[Sinha et al., CI 2022] with NREL

CCAI / Future Earth project to 
downscale climate model data 
for renewable energy planning 
in U.S. and India
[Harilal et al., NeurIPS workshop 2022]



ClimAlign: Unsupervised, genera<ve downscaling

General downscaling technique via domain alignment with normalizing flows 
[AlignFlow: Grover et al., AAAI 2020][Glow: Kingma & Dhariwal, NeurIPS 2018]

• Unsupervised: do not need paired maps at low and high resolution
• Generative: can sample from posterior over latent representation OR sample 

conditioned on a low (or high!) resolution map
• Intepretable, e.g., via interpolation

[Groenke et al., CI 2020]



Our Climate Informa<cs research also addresses 
open problems in Machine Learning

q Online learning with spa.otemporal non-sta.onarity

q Predic.on at mul.ple .mescales simultaneously

q Anomaly detec.on with limited supervision

q Tracking highly-deformable paOerns



Challenges/BoHlenecks in Climate Informa<cs
Data limita(ons
• Limited labeled data: unsupervised learning, dimensionality reduc4on
• Class imbalance: e.g., extreme events are rare by defini4on!
• Data is limited along the 4me dimension. Can we subs4tute data diversity and 

granularity over space? 

Scale resolu(on challenges 
• Downscaling spa4otemporal data fields
• Climate model parameteriza4on problems

Non-sta(onarity
• Climate change means we cannot assume i.i.d. data!
• ML models need to adapt over 4me, and space

Interpretability
• Evalua4on of genera4ve models is an ac4ve research area of core ML



Environmental Data Science 
Innovation & Inclusion Lab 

NSF’s newest data synthesis center, 
hosted by the University of Colorado Boulder & CIRES, 

with key partners CyVerse & the University of Oslo

A national accelerator linking data, discovery, & decisions



@envdatascience

An interdisciplinary, open access journal dedicated to the poten4al of 
ar4ficial intelligence and data science to enhance our understanding of 
the environment, and to address climate change.

Data and methodological scope: Data Science broadly defined, including: 
Machine Learning; Ar8ficial Intelligence; Sta8s8cs; Data Mining; Computer Vision; Econometrics

Environmental scope, includes: 
Water cycle, atmospheric science (including air quality, climatology, meteorology, atmospheric chemistry & 
physics, paleoclimatology)
Climate change (including carbon cycle, transporta8on, energy, and policy)
Sustainability and renewable energy (the interac8on between human processes and ecosystems, including 
resource management, transporta8on, land use, agriculture and food)
Biosphere (including ecology, hydrology, oceanography, glaciology, soil science)
Societal impacts (including forecas8ng, mi8ga8on, and adapta8on, for environmental extremes and hazards)
Environmental policy and economics

www.cambridge.org/eds



And many thanks to:
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Thank you!

Climate and Machine Learning 
Boulder (CLIMB)



PhDs, postdocs, and posi<ons available in Paris!

Paris



Bonus slides



Normalizing Flows

Can be viewed as extension of VAE beyond Gaussian assump.on on latent space

Learn a series of inver.ble transforma.ons, {fi}, from a simple prior on latent 
space, Z, to allow for more informa.ve distribu.ons on the latent space:

zk = fk � fk�1 � · · · � f1(z0)

<latexit sha1_base64="orQaNJWrcawR+b1pghkwRGxPsxs=">AAACHXicbVBNS8MwGE7n15xfVY9egkOYB0crE3cRBl48TnAfsJaSpukWlqYlSYWt7I948a948aCIBy/ivzHbiujmAwlPnud9efM+fsKoVJb1ZRRWVtfWN4qbpa3tnd09c/+gLeNUYNLCMYtF10eSMMpJS1HFSDcRBEU+Ix1/eD31O/dESBrzOzVKiBuhPqchxUhpyTNrY28Ir2CobwdTgTXLhmf2JH85OIiV/LFsWBl71qlnlq2qNQNcJnZOyiBH0zM/nCDGaUS4wgxJ2bOtRLkZEopiRiYlJ5UkQXiI+qSnKUcRkW42224CT7QSwDAW+nAFZ+rvjgxFUo4iX1dGSA3kojcV//N6qQrrbkZ5kirC8XxQmDKoYjiNCgZUEKzYSBOEBdV/hXiABMJKB1rSIdiLKy+T9nnVrlUvbmvlRj2PowiOwDGoABtcgga4AU3QAhg8gCfwAl6NR+PZeDPe56UFI+85BH9gfH4DtcqfyA==</latexit>

[Rezende & Mohamed, ICML 2015]



Storm track data
3000 tropical/extra-tropical storm tracks since 1979, measurements every 6 hrs

NOAA IBTrACS database 



Storm track data



Deep Learning fusion network

[Giffard-Roisin et al.,Frontiers 2020]



Comparison to benchmarks

[Giffard-Roisin et al.,Fron8ers 2020]



Forecas.ng task: 24h spa.al displacement



benchmarks

benchmarks

Our approach: moving frame-of-reference

[Giffard-Roisin et al.,Fron8ers 2020]



What is an Auto-encoder?
• Train a neural network in an unsupervised seUng
• Use the unlabeled data both as input, and to evaluate the output

• AVer training, the boOleneck layer will be a compact         
representa.on of the input distribu.on



Encoder Decoder

Input Output

Latent representa.on

Autoencoder: The parameters of the encoder and decoder networks are trained to make the 
output approximate the input. AOer training on many input examples, the parameters of the 
boPleneck layer form a compact representaCon of the input distribuCon.



Variational Autoencoder (VAE)
Learn a distribu.on over latent representa.ons (instead of 
a single encoding).



Unsupervised Deep Learning
• Supervised DL. Predic.on loss is a func.on of the label, y, 

and the network’s output on input x.
Network output Loss funcBon

• Unsupervised DL. Predic.on loss is only a func.on of x, 
and the network’s output on input x. There is no label, y.

Network output Loss funcBon

fW (x) = ŷ
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fW (x) = x̂
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Downscaling as domain alignment
• Domain alignment task: given random variables X, Y, learn a mapping 

f: X à Y such that, for any xi ∈ X and yi ∈ Y, 

• Downscaling as domain alignment
• Learn the joint PDF over X and Y, by assuming condi4onal 

independence over a shared latent space Z

• Model using AlignFlow [Grover et al. 2020]
• Star4ng with a simple prior on PZ , learn normalizing flows
• No pairing between x and y examples needed!

f(xi) ⇠ PY

<latexit sha1_base64="YTmMpIPd7ePy2DrIIGI3aNFpYSU=">AAAB+HicbVBNS8NAEJ34WetHox69LBahXkoiFT0WvXisYD+kDWGz3bRLN5uwuxFr6C/x4kERr/4Ub/4bt20O2vpg4PHeDDPzgoQzpR3n21pZXVvf2CxsFbd3dvdK9v5BS8WpJLRJYh7LToAV5UzQpmaa004iKY4CTtvB6Hrqtx+oVCwWd3qcUC/CA8FCRrA2km+Xwsqjz05RT7EINfx73y47VWcGtEzcnJQhR8O3v3r9mKQRFZpwrFTXdRLtZVhqRjidFHupogkmIzygXUMFjqjystnhE3RilD4KY2lKaDRTf09kOFJqHAWmM8J6qBa9qfif1011eOllTCSppoLMF4UpRzpG0xRQn0lKNB8bgolk5lZEhlhiok1WRROCu/jyMmmdVd1a9fy2Vq5f5XEU4AiOoQIuXEAdbqABTSCQwjO8wpv1ZL1Y79bHvHXFymcO4Q+szx88LJIt</latexit>

f�1(yi) ⇠ PX

<latexit sha1_base64="jL/a4uL4KiZwyrEqvmyIKMucEQo=">AAAB/XicbVDLSsNAFJ3UV62v+Ni5GSxCXVgSqeiy6MZlBfuANobJdNIOnZmEmYkQQ/FX3LhQxK3/4c6/cdpmoa0HLhzOuZd77wliRpV2nG+rsLS8srpWXC9tbG5t79i7ey0VJRKTJo5YJDsBUoRRQZqaakY6sSSIB4y0g9H1xG8/EKloJO50GhOPo4GgIcVIG8m3D8L77NQdV1KfnsCeohw2/I5vl52qMwVcJG5OyiBHw7e/ev0IJ5wIjRlSqus6sfYyJDXFjIxLvUSRGOERGpCuoQJxorxsev0YHhulD8NImhIaTtXfExniSqU8MJ0c6aGa9ybif1430eGll1ERJ5oIPFsUJgzqCE6igH0qCdYsNQRhSc2tEA+RRFibwEomBHf+5UXSOqu6ter5ba1cv8rjKIJDcAQqwAUXoA5uQAM0AQaP4Bm8gjfryXqx3q2PWWvBymf2wR9Ynz+oLpQT</latexit>

PXY (x, y) =

Z

z2Z
PXY Z(x, y, z)dz

<latexit sha1_base64="aMURrznLUHvOmCQ6HkqQjwHgoV8=">AAACFHicbVDLTgIxFO3gC/GFunTTSEwgEjJjMLoxIbpxiYk8BCaTTinQ0OlM2o4RJvMRbvwVNy40xq0Ld/6NZWCh4Elu7sk596a9xw0Ylco0v43U0vLK6lp6PbOxubW9k93dq0s/FJjUsM980XSRJIxyUlNUMdIMBEGey0jDHV5N/MY9EZL6/FaNAmJ7qM9pj2KktORkj6tO1LyL8w/FUeGiQ7lyojHUHbZimFitxCuOC92xk82ZJTMBXCTWjOTADFUn+9Xp+jj0CFeYISnblhkoO0JCUcxInOmEkgQID1GftDXlyCPSjpKjYniklS7s+UIXVzBRf29EyJNy5Ll60kNqIOe9ifif1w5V79yOKA9CRTiePtQLGVQ+nCQEu1QQrNhIE4QF1X+FeIAEwkrnmNEhWPMnL5L6Sckql05vyrnK5SyONDgAhyAPLHAGKuAaVEENYPAInsEreDOejBfj3fiYjqaM2c4++APj8wfQHp1t</latexit>

=

Z

z2Z
P (x|z)P (y|z)PZ(z)dz
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P (x|z), P (y|z)

<latexit sha1_base64="NSkf+iwOHKkWi46ym3agKuVuLEs=">AAAB9XicbVDLSgMxFL1TX7W+qi7dhBahopQZUXRZdONyBPuAdiyZNNOGZh4kGXUc+xcu3LhQxK3/4q5/Y/pYaOuByz2ccy+5OW7EmVSmOTQyC4tLyyvZ1dza+sbmVn57pybDWBBaJSEPRcPFknIW0KpiitNGJCj2XU7rbv9y5NfvqJAsDG5UElHHx92AeYxgpaVbu/Tw9HhwhOxSons7XzTL5hhonlhTUqwUWofPw0pit/PfrU5IYp8GinAsZdMyI+WkWChGOB3kWrGkESZ93KVNTQPsU+mk46sHaF8rHeSFQleg0Fj9vZFiX8rEd/Wkj1VPznoj8T+vGSvv3ElZEMWKBmTykBdzpEI0igB1mKBE8UQTTATTtyLSwwITpYPK6RCs2S/Pk9px2Topn17rNC5ggizsQQFKYMEZVOAKbKgCAQEv8Abvxr3xanwYn5PRjDHd2YU/ML5+APzxlIQ=</latexit>



ClimAlign architecture

• Architecture follows AlignFlow
[Grover et al., 2020]

• Normalizing flow: Glow [Kingma & 
Dhariwal, 2018]

Network parameters to learn:

f� : X $ Z
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�, :
<latexit sha1_base64="dBcm1fZv2oaqPrYQfdj1FFHOzyM=">AAACDXicdVDLSgMxFM3UV62vqks3wSq4kCHjs7oquHFZwT6gM5RMJm1DM5khyQhl6A+48VfcuFDErXt3/o2ZaQUreiBwOOcebu7xY86URujTKszNLywuFZdLK6tr6xvlza2mihJJaINEPJJtHyvKmaANzTSn7VhSHPqctvzhVea37qhULBK3ehRTL8R9wXqMYG2kbnnPTURAZRZP3XjAxodwRlFsDC+75QqyT5FzcYYgslGOnFSdYwc6U6UCpqh3yx9uEJEkpEITjpXqOCjWXoqlZoTTcclNFI0xGeI+7RgqcEiVl+bXjOG+UQLYi6R5QsNc/ZlIcajUKPTNZIj1QP32MvEvr5PoXtVLmYgTTQWZLOolHOoIZtXAgElKNB8Zgolk5q+QDLDERJsCS6aE70vh/6R5ZDvIdm5OKrXqtI4i2AG74AA44BzUwDWogwYg4B48gmfwYj1YT9ar9TYZLVjTzDaYgfX+BU5qnEo=</latexit><latexit sha1_base64="dBcm1fZv2oaqPrYQfdj1FFHOzyM=">AAACDXicdVDLSgMxFM3UV62vqks3wSq4kCHjs7oquHFZwT6gM5RMJm1DM5khyQhl6A+48VfcuFDErXt3/o2ZaQUreiBwOOcebu7xY86URujTKszNLywuFZdLK6tr6xvlza2mihJJaINEPJJtHyvKmaANzTSn7VhSHPqctvzhVea37qhULBK3ehRTL8R9wXqMYG2kbnnPTURAZRZP3XjAxodwRlFsDC+75QqyT5FzcYYgslGOnFSdYwc6U6UCpqh3yx9uEJEkpEITjpXqOCjWXoqlZoTTcclNFI0xGeI+7RgqcEiVl+bXjOG+UQLYi6R5QsNc/ZlIcajUKPTNZIj1QP32MvEvr5PoXtVLmYgTTQWZLOolHOoIZtXAgElKNB8Zgolk5q+QDLDERJsCS6aE70vh/6R5ZDvIdm5OKrXqtI4i2AG74AA44BzUwDWogwYg4B48gmfwYj1YT9ar9TYZLVjTzDaYgfX+BU5qnEo=</latexit><latexit sha1_base64="dBcm1fZv2oaqPrYQfdj1FFHOzyM=">AAACDXicdVDLSgMxFM3UV62vqks3wSq4kCHjs7oquHFZwT6gM5RMJm1DM5khyQhl6A+48VfcuFDErXt3/o2ZaQUreiBwOOcebu7xY86URujTKszNLywuFZdLK6tr6xvlza2mihJJaINEPJJtHyvKmaANzTSn7VhSHPqctvzhVea37qhULBK3ehRTL8R9wXqMYG2kbnnPTURAZRZP3XjAxodwRlFsDC+75QqyT5FzcYYgslGOnFSdYwc6U6UCpqh3yx9uEJEkpEITjpXqOCjWXoqlZoTTcclNFI0xGeI+7RgqcEiVl+bXjOG+UQLYi6R5QsNc/ZlIcajUKPTNZIj1QP32MvEvr5PoXtVLmYgTTQWZLOolHOoIZtXAgElKNB8Zgolk5q+QDLDERJsCS6aE70vh/6R5ZDvIdm5OKrXqtI4i2AG74AA44BzUwDWogwYg4B48gmfwYj1YT9ar9TYZLVjTzDaYgfX+BU5qnEo=</latexit><latexit sha1_base64="dBcm1fZv2oaqPrYQfdj1FFHOzyM=">AAACDXicdVDLSgMxFM3UV62vqks3wSq4kCHjs7oquHFZwT6gM5RMJm1DM5khyQhl6A+48VfcuFDErXt3/o2ZaQUreiBwOOcebu7xY86URujTKszNLywuFZdLK6tr6xvlza2mihJJaINEPJJtHyvKmaANzTSn7VhSHPqctvzhVea37qhULBK3ehRTL8R9wXqMYG2kbnnPTURAZRZP3XjAxodwRlFsDC+75QqyT5FzcYYgslGOnFSdYwc6U6UCpqh3yx9uEJEkpEITjpXqOCjWXoqlZoTTcclNFI0xGeI+7RgqcEiVl+bXjOG+UQLYi6R5QsNc/ZlIcajUKPTNZIj1QP32MvEvr5PoXtVLmYgTTQWZLOolHOoIZtXAgElKNB8Zgolk5q+QDLDERJsCS6aE70vh/6R5ZDvIdm5OKrXqtI4i2AG74AA44BzUwDWogwYg4B48gmfwYj1YT9ar9TYZLVjTzDaYgfX+BU5qnEo=</latexit>

X
<latexit sha1_base64="hf6hOeTjseL13iz+i/MO/ptaY5E=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1Fip2R2UK27VXYCsEy8nFcjRGJS/+sOYpRFKwwTVuue5ifEzqgxnAmelfqoxoWxCR9izVNIItZ8tDp2RC6sMSRgrW9KQhfp7IqOR1tMosJ0RNWO96s3F/7xeasIbP+MySQ1KtlwUpoKYmMy/JkOukBkxtYQyxe2thI2poszYbEo2BG/15XXSvqp6btVrXlfqt3kcRTiDc7gED2pQh3toQAsYIDzDK7w5j86L8+58LFsLTj5zCn/gfP4AtbmM3A==</latexit><latexit sha1_base64="hf6hOeTjseL13iz+i/MO/ptaY5E=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1Fip2R2UK27VXYCsEy8nFcjRGJS/+sOYpRFKwwTVuue5ifEzqgxnAmelfqoxoWxCR9izVNIItZ8tDp2RC6sMSRgrW9KQhfp7IqOR1tMosJ0RNWO96s3F/7xeasIbP+MySQ1KtlwUpoKYmMy/JkOukBkxtYQyxe2thI2poszYbEo2BG/15XXSvqp6btVrXlfqt3kcRTiDc7gED2pQh3toQAsYIDzDK7w5j86L8+58LFsLTj5zCn/gfP4AtbmM3A==</latexit><latexit sha1_base64="hf6hOeTjseL13iz+i/MO/ptaY5E=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1Fip2R2UK27VXYCsEy8nFcjRGJS/+sOYpRFKwwTVuue5ifEzqgxnAmelfqoxoWxCR9izVNIItZ8tDp2RC6sMSRgrW9KQhfp7IqOR1tMosJ0RNWO96s3F/7xeasIbP+MySQ1KtlwUpoKYmMy/JkOukBkxtYQyxe2thI2poszYbEo2BG/15XXSvqp6btVrXlfqt3kcRTiDc7gED2pQh3toQAsYIDzDK7w5j86L8+58LFsLTj5zCn/gfP4AtbmM3A==</latexit><latexit sha1_base64="hf6hOeTjseL13iz+i/MO/ptaY5E=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1Fip2R2UK27VXYCsEy8nFcjRGJS/+sOYpRFKwwTVuue5ifEzqgxnAmelfqoxoWxCR9izVNIItZ8tDp2RC6sMSRgrW9KQhfp7IqOR1tMosJ0RNWO96s3F/7xeasIbP+MySQ1KtlwUpoKYmMy/JkOukBkxtYQyxe2thI2poszYbEo2BG/15XXSvqp6btVrXlfqt3kcRTiDc7gED2pQh3toQAsYIDzDK7w5j86L8+58LFsLTj5zCn/gfP4AtbmM3A==</latexit>

Y
<latexit sha1_base64="T3f5yAtJWEWlpP50X1BS1VdMuC0=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cW7Ie0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHst7M0nQj+hQ8pAzaqzUeOiXK27VnYOsEi8nFchR75e/eoOYpRFKwwTVuuu5ifEzqgxnAqelXqoxoWxMh9i1VNIItZ/ND52SM6sMSBgrW9KQufp7IqOR1pMosJ0RNSO97M3E/7xuasJrP+MySQ1KtlgUpoKYmMy+JgOukBkxsYQyxe2thI2ooszYbEo2BG/55VXSuqh6btVrXFZqN3kcRTiBUzgHD66gBndQhyYwQHiGV3hzHp0X5935WLQWnHzmGP7A+fwBtz2M3Q==</latexit><latexit sha1_base64="T3f5yAtJWEWlpP50X1BS1VdMuC0=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cW7Ie0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHst7M0nQj+hQ8pAzaqzUeOiXK27VnYOsEi8nFchR75e/eoOYpRFKwwTVuuu5ifEzqgxnAqelXqoxoWxMh9i1VNIItZ/ND52SM6sMSBgrW9KQufp7IqOR1pMosJ0RNSO97M3E/7xuasJrP+MySQ1KtlgUpoKYmMy+JgOukBkxsYQyxe2thI2ooszYbEo2BG/55VXSuqh6btVrXFZqN3kcRTiBUzgHD66gBndQhyYwQHiGV3hzHp0X5935WLQWnHzmGP7A+fwBtz2M3Q==</latexit><latexit sha1_base64="T3f5yAtJWEWlpP50X1BS1VdMuC0=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cW7Ie0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHst7M0nQj+hQ8pAzaqzUeOiXK27VnYOsEi8nFchR75e/eoOYpRFKwwTVuuu5ifEzqgxnAqelXqoxoWxMh9i1VNIItZ/ND52SM6sMSBgrW9KQufp7IqOR1pMosJ0RNSO97M3E/7xuasJrP+MySQ1KtlgUpoKYmMy+JgOukBkxsYQyxe2thI2ooszYbEo2BG/55VXSuqh6btVrXFZqN3kcRTiBUzgHD66gBndQhyYwQHiGV3hzHp0X5935WLQWnHzmGP7A+fwBtz2M3Q==</latexit><latexit sha1_base64="hP+6LrUf2d3tZaldqaQQvEKMXyw=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odBu3wMYA6nMMFXEEIN3AHD9CBLghI4BXevYn35n2suqp569LO4I+8zx84xIo4</latexit><latexit sha1_base64="e1LNeElORzeLVOBEuJ/6vZ/NssQ=">AAAB3XicbZBLSwMxFIXv1FetVatbN8EiuCozbnQpuHHZgn1IO5RMetvGZjJDckcoQ3+BGxeK+Lfc+W9MHwttPRD4OCch954oVdKS7397ha3tnd294n7poHx4dFw5KbdskhmBTZGoxHQiblFJjU2SpLCTGuRxpLAdTe7mefsZjZWJfqBpimHMR1oOpeDkrMZjv1L1a/5CbBOCFVRhpXq/8tUbJCKLUZNQ3Npu4KcU5tyQFApnpV5mMeViwkfYdah5jDbMF4PO2IVzBmyYGHc0sYX7+0XOY2unceRuxpzGdj2bm/9l3YyGN2EudZoRarH8aJgpRgmbb80G0qAgNXXAhZFuVibG3HBBrpuSKyFYX3kTWle1wK8FDR+KcAbncAkBXMMt3EMdmiAA4QXe4N178l69j2VdBW/V2yn8kff5A6Psi4o=</latexit><latexit sha1_base64="e1LNeElORzeLVOBEuJ/6vZ/NssQ=">AAAB3XicbZBLSwMxFIXv1FetVatbN8EiuCozbnQpuHHZgn1IO5RMetvGZjJDckcoQ3+BGxeK+Lfc+W9MHwttPRD4OCch954oVdKS7397ha3tnd294n7poHx4dFw5KbdskhmBTZGoxHQiblFJjU2SpLCTGuRxpLAdTe7mefsZjZWJfqBpimHMR1oOpeDkrMZjv1L1a/5CbBOCFVRhpXq/8tUbJCKLUZNQ3Npu4KcU5tyQFApnpV5mMeViwkfYdah5jDbMF4PO2IVzBmyYGHc0sYX7+0XOY2unceRuxpzGdj2bm/9l3YyGN2EudZoRarH8aJgpRgmbb80G0qAgNXXAhZFuVibG3HBBrpuSKyFYX3kTWle1wK8FDR+KcAbncAkBXMMt3EMdmiAA4QXe4N178l69j2VdBW/V2yn8kff5A6Psi4o=</latexit><latexit sha1_base64="QsLXIcYRI1n/pxhvEquqWUL1a+M=">AAAB6HicbVA9TwJBEJ3DL8Qv1NJmIzGxInc2UhJtLCGRDwMXsrfMwcre3mV3z4Rc+AU2Fhpj60+y89+4wBUKvmSSl/dmMjMvSATXxnW/ncLG5tb2TnG3tLd/cHhUPj5p6zhVDFssFrHqBlSj4BJbhhuB3UQhjQKBnWByO/c7T6g0j+W9mSboR3QkecgZNVZqPgzKFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNWHNz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/WabqV+k8dRhDM4h0vw4BrqcAcNaAEDhGd4hTfn0Xlx3p2PZWvByWdO4Q+czx+1/YzZ</latexit><latexit sha1_base64="T3f5yAtJWEWlpP50X1BS1VdMuC0=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cW7Ie0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHst7M0nQj+hQ8pAzaqzUeOiXK27VnYOsEi8nFchR75e/eoOYpRFKwwTVuuu5ifEzqgxnAqelXqoxoWxMh9i1VNIItZ/ND52SM6sMSBgrW9KQufp7IqOR1pMosJ0RNSO97M3E/7xuasJrP+MySQ1KtlgUpoKYmMy+JgOukBkxsYQyxe2thI2ooszYbEo2BG/55VXSuqh6btVrXFZqN3kcRTiBUzgHD66gBndQhyYwQHiGV3hzHp0X5935WLQWnHzmGP7A+fwBtz2M3Q==</latexit><latexit sha1_base64="T3f5yAtJWEWlpP50X1BS1VdMuC0=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cW7Ie0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHst7M0nQj+hQ8pAzaqzUeOiXK27VnYOsEi8nFchR75e/eoOYpRFKwwTVuuu5ifEzqgxnAqelXqoxoWxMh9i1VNIItZ/ND52SM6sMSBgrW9KQufp7IqOR1pMosJ0RNSO97M3E/7xuasJrP+MySQ1KtlgUpoKYmMy+JgOukBkxsYQyxe2thI2ooszYbEo2BG/55VXSuqh6btVrXFZqN3kcRTiBUzgHD66gBndQhyYwQHiGV3hzHp0X5935WLQWnHzmGP7A+fwBtz2M3Q==</latexit><latexit sha1_base64="T3f5yAtJWEWlpP50X1BS1VdMuC0=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cW7Ie0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHst7M0nQj+hQ8pAzaqzUeOiXK27VnYOsEi8nFchR75e/eoOYpRFKwwTVuuu5ifEzqgxnAqelXqoxoWxMh9i1VNIItZ/ND52SM6sMSBgrW9KQufp7IqOR1pMosJ0RNSO97M3E/7xuasJrP+MySQ1KtlgUpoKYmMy+JgOukBkxsYQyxe2thI2ooszYbEo2BG/55VXSuqh6btVrXFZqN3kcRTiBUzgHD66gBndQhyYwQHiGV3hzHp0X5935WLQWnHzmGP7A+fwBtz2M3Q==</latexit><latexit sha1_base64="T3f5yAtJWEWlpP50X1BS1VdMuC0=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cW7Ie0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHst7M0nQj+hQ8pAzaqzUeOiXK27VnYOsEi8nFchR75e/eoOYpRFKwwTVuuu5ifEzqgxnAqelXqoxoWxMh9i1VNIItZ/ND52SM6sMSBgrW9KQufp7IqOR1pMosJ0RNSO97M3E/7xuasJrP+MySQ1KtlgUpoKYmMy+JgOukBkxsYQyxe2thI2ooszYbEo2BG/55VXSuqh6btVrXFZqN3kcRTiBUzgHD66gBndQhyYwQHiGV3hzHp0X5935WLQWnHzmGP7A+fwBtz2M3Q==</latexit><latexit sha1_base64="T3f5yAtJWEWlpP50X1BS1VdMuC0=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cW7Ie0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHst7M0nQj+hQ8pAzaqzUeOiXK27VnYOsEi8nFchR75e/eoOYpRFKwwTVuuu5ifEzqgxnAqelXqoxoWxMh9i1VNIItZ/ND52SM6sMSBgrW9KQufp7IqOR1pMosJ0RNSO97M3E/7xuasJrP+MySQ1KtlgUpoKYmMy+JgOukBkxsYQyxe2thI2ooszYbEo2BG/55VXSuqh6btVrXFZqN3kcRTiBUzgHD66gBndQhyYwQHiGV3hzHp0X5935WLQWnHzmGP7A+fwBtz2M3Q==</latexit><latexit sha1_base64="T3f5yAtJWEWlpP50X1BS1VdMuC0=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cW7Ie0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHst7M0nQj+hQ8pAzaqzUeOiXK27VnYOsEi8nFchR75e/eoOYpRFKwwTVuuu5ifEzqgxnAqelXqoxoWxMh9i1VNIItZ/ND52SM6sMSBgrW9KQufp7IqOR1pMosJ0RNSO97M3E/7xuasJrP+MySQ1KtlgUpoKYmMy+JgOukBkxsYQyxe2thI2ooszYbEo2BG/55VXSuqh6btVrXFZqN3kcRTiBUzgHD66gBndQhyYwQHiGV3hzHp0X5935WLQWnHzmGP7A+fwBtz2M3Q==</latexit>
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Comparison with supervised benchmarks
Daily Max Temperature

Daily Precipita.on



Point predic<on example



ClimAlign: Unsupervised, genera<ve downscaling

General downscaling technique via domain alignment with normalizing flows 
[AlignFlow: Grover et al., AAAI 2020][Glow: Kingma & Dhariwal, NeurIPS 2018]

• Unsupervised: do not need paired maps at low and high resolu4on
• Genera1ve: can sample from posterior over latent representa4on OR sample 

condi4oned on a low (or high!) resolu4on map
• Intepretable, e.g., via interpola4on

[Groenke et al., CI 2020]



Downscaling: training data
ERA: reanalysis data, 1° resolution; WRF: numerical weather model predicCon, !

"
° resoluCon



Air temperature high

Wind normal
Precipitable water extremely high

Humidity extremely low

Humidity extremely high

Soil moisture content extremely low

Heat wave

High precip.

…

Year 1971

Geo-locaCons

Climate
topics

Climate
Descriptors

[Tang & M, Climate Informatics 2014; IEEE CISE 2015]

Extend probabilistic topic modeling (Latent Dirichlet Allocation [Blei et al., 2001]) from NLP
• Multiple variables (complex, multivariate extreme events)
• Ability to detect multiple types of events
• Multiple degrees of severity
• Uses all data, not just extreme values

Unsupervised learning to define/detect mul<variate 
extremes



Forecas/ng task: 24h spa/al displacement



Related work



benchmarks

benchmarks

Our approach: moving frame-of-reference



Data types



Training the fusion network



Performance of network components



State of the art

Ø Mean error across all basins, Ime steps from hurricanes only: 103.9 km
Ø [Climate InformaIcs ‘18]: 6h predicIon error, same evaluaIon: 28.5 km



Comparison to exis/ng methods

48



Training the fusion network



Performance of network components



State of the art

Ø Mean error across all basins, Ime steps from hurricanes only: 103.9 km
Ø [Climate InformaIcs ‘18]: 6h predicIon error, same evaluaIon: 28.5 km



Comparison to exis/ng methods
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Avalanche Detec<on

Img src : h*ps://www.ny1mes.com/2017/01/19/world/europe/italy-avalanche.html

https://www.nytimes.com/2017/01/19/world/europe/italy-avalanche.html


Challenges for Machine Learning

● Severe class imbalance
Ø Avalanches are rare events

● Ground-truth labeled data difficult to obtain
Ø Terrain accessibility
Ø Weather condi4ons 
Ø Danger of avalanches



Our Approach

① Treat an avalanche as a rare event, or an anomaly

② Train a varia.onal autoencoder (VAE) on the nega.ve 
examples

③ Threshold the VAE’s reconstruc.on error to classify a 
new image

● When labeled data is scarce, the VAE can instead be
trained without supervision!



VAE trained on nega<ve examples



VAE trained on ALL examples



Tuning the threshold for Anomaly Detec9on



Baseline method: Thresholding

[Karbou et al., InternaConal Snow Science Workshop 2018 & EGU 2018]



Evalua<on

)

● Held-out test set: 6,498 labeled examples

● Baseline method from avalanche-detecBon literature: Thresholding [Karbou et al.,
ISSW 2018] 

● Supervised-learning benchmark method: ConvoluBonal Neural Network (CNN) 
trained on arBficially balanced dataset [Sinha et al., Climate InformaBcs 2019]

One of the most suscepCble mountain 
chains (out of the 18 in “All Alps”)



Evalua<on
ROC Curves for Haute Maurienne region



Outlook

● Provided a semi-supervised approach to detec.ng rare 
events when labeled data is limited

● Can be viewed as a form of virtual sensor

● Next step: forecas.ng

62



Learning from spa<otemporal data

• Learning from non-sta.onary .me series
• Simultaneously learn the level of non-staAonarity
• Exploit local temporal structure via mulA-task learning

• Learning from non-sta.onary spa.otemporal data
• Exploit local spaAal structure
• Distributed online learning 
• Hidden Markov random field



Roadmap

developer.apple.com

• Learning from data that varies over time

• Learning from spatiotemporal data that varies over time 
& space



Average predic<on

Model A Model B Model C Model D Model E



Model A Model B Model C Model D Model E

Adap%ve, weighted average predic%on



Model A Model B Model C Model D Model E

Adap%ve, weighted average predic%on



Model A Model B Model C Model D Model E

Adaptive, weighted average prediction



Model A Model B Model C Model D Model E

Adap%ve, weighted average predic%on



Tradeoff: Quickly finding current best predic.ng model vs. 
being ready to quickly switch to other models. 

Tradeoff hinges on how oVen the iden.ty of the best model 
switches.

Tradeoff: explore vs. exploit



Online learning: <me-varying data

Learn-α Algorithm [Monteleoni & Jaakkola, NeurIPS 2003]: 

• Learns the switching-rate: level of non-sta4onarity: α
• Tracks a set of online learning algorithms, each with a different α value

• Each algorithm maintains weights over experts (e.g. climate models)
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Online learning: spa<otemporal data
[McQuade & Monteleoni, AAAI 2012]

• Climate predic4ons are made at higher geospa4al resolu4ons
• Run Learn-α (variant) on mul4ple sub-regions par44oning globe

• Distribu4on over climate models varies over both .me and 
space
• Model neighborhood influences among geospa4al regions



Markov Random Field-based 
approach

Time t

Time t

Time t-1

GeospaBal lajce

[McQuade & Monteleoni, book chapter, 2017]



Markov Random Field-based approach

Construct spa,al la.ce 
• Spa,al dependencies of 

same form as temporal 
dependencies
• Different α!me and αspace

parameters
• Latent variables: best 

expert at each ,me and 
loca,on
• Need to compute marginals

Time t

Time t

Time t-1



Global predic<on loss



Regional predic/on loss



Seasonal prediction: Online multi-task 
learning

• Given forecasts of mul4ple 
4me periods

• Each forecast period 
treated as a different task

• Allow influence between 
tasks

[McQuade & Monteleoni, Climate InformaBcs 2015; SIGMOD DSMM 2016]



Online mul<-task learning

Mul4-task update rule (extended from Hedge / StaBc-Expert algorithm)

Task-similarity matrix  [cf. Saha et al., AISTATS 2011]
- Allow influence between “neighboring” forecast lengths, parameterized 

by s

S =

Months:       1 2 3 4 .  .  .   
12

1

2 

…

12

pt+1,j(i) / pt,j(i)e
�

P
k Sj,kLk,t(i)
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Results vs. standard Hedge



Results vs. standard Hedge

For each of the 12 forecast periods, sharing influence from 
other forecast periods improved predicAons.

Only for the 2 forecast periods was loss increased for some s values.

ApplicaAon to financial volaAlity predicAon [McQuade & M, DSMM 
2016]


