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August	  2013:	  Rim	  Fire,	  California	  –	  Reuters	  



January	  2014:	  Drought,	  Folsom	  Lake	  –	  California	  Department	  of	  Water	  Resources	  



Vision	  
	  
	  

	  
Machine	  learning	  can	  shed	  light	  on	  climate	  change.	  

	  
	  



	  
	  Despite	  the	  scienHfic	  consensus	  on	  climate	  change,	  drasHc	  
	  uncertainHes	  remain.	  For	  instance:	  

	  
	  
	  

How	  does	  climate	  change	  affect	  extreme	  events?	  
	  
	  
	  
	  
	  
	  
	  
	  
	  



Intergovernmental	  Panel	  on	  Climate	  Change	  (IPCC),	  2013	  

Surface	  Temperature	  



Intergovernmental	  Panel	  on	  Climate	  Change,	  2012	  



Intergovernmental	  Panel	  on	  Climate	  Change,	  2012	  



Intergovernmental	  Panel	  on	  Climate	  Change,	  2012	  



Uncertainty	  in	  extremes,	  especially	  regional	  

Warmer	  atmosphere	  can	  hold	  more	  water	  vapor	  
à	  heavier	  precipitaHon,	  storms,	  flooding	  
	  
Global	  warming	  may	  increase	  surface	  evaporaHon	  
à	  heat	  waves,	  droughts	  
	  
Possible	  changes	  in	  El	  Niño-‐Southern	  OscillaHon	  
à	  changes	  in	  floods	  in	  some	  regions,	  droughts	  in	  others	  
	  
World	  Climate	  Research	  Programme	  2013,	  grand	  challenge:	  
understanding	  and	  improving	  predicHons	  of	  extreme	  events	  
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Extreme	  events	  are	  rare	  by	  definiHon.	  
	  
	  
Climate	  change	  may	  affect	  their	  distribuHon.	  
	  
	  
è	  Past	  staHsHcs	  are	  not	  sufficient	  for	  future	  predicHon.	  
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Augment	  historical	  data	  with	  climate	  model	  simulaHons.	  
	  
	  
Massive,	  high-‐dimensional,	  big	  data.	  
	  
	  
That’s	  where	  machine	  learning	  comes	  in!	  
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Main	  types	  of	  climate	  data	  
•  Past:	  Historical	  data	  

–  Limited	  amounts	  
–  Very	  heterogeneous	  

	  
•  Present:	  ObservaHon	  data	  

–  Increasingly	  measured.	  Large	  quanHHes	  for	  recent	  Hmes.	  	  
–  Can	  be	  unlabeled,	  sparse,	  measured	  at	  higher	  resoluHon	  than	  relevant	  

informaHon	  

•  Past,	  Present,	  Future:	  Climate	  model	  simulaHons	  
–  Vast,	  high-‐dimensional	  
–  Encodes	  scienHfic	  domain	  knowledge	  
–  Some	  informaHon	  is	  lost	  in	  discreHzaHons	  
–  Future	  predicHons	  cannot	  be	  validated	  
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What	  is	  climate?	  
•  Climate	  is	  what	  you	  expect,	  weather	  is	  what	  you	  get.	  
•  Weather:	  A	  thunderstorm,	  or	  an	  unusually	  high	  rainfall.	  

•  Climate:	  E.g.	  the	  30	  year	  average	  rainfall	  in	  a	  region.	  
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Credit:	  D.	  Nychka	  



The	  Climate	  System	  
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	  credit:	  J.	  J.	  Hack/A.	  Gekelman	  



	  credit:	  D.	  Nychka	  

Role	  of	  Greenhouse	  gasses,	  e.g.	  CO2,	  CH4	  
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•  Increasing	  greenhouse	  gasses	  changes	  the	  climate:	  a	  forcing.	  
–  Human	  acHvity	  can	  cause	  this	  by	  burning	  fossil	  fuel,	  etc.	  

•  Changes	  in	  land	  use	  are	  also	  a	  forcing.	  

•  Other	  (natural)	  forcings:	  	  
–  Changes	  in	  the	  sun’s	  intensity	  
–  Volcanic	  erupHons	  

Climate	  forcings	  
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	  credit:	  IPCC	  2013	  

Main	  drivers	  of	  climate	  change 	   	   	   	   	   	   	   	  
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History	  of	  climate	  modeling	  
ScienHfic	  basis	  for	  atmospheric	  simulaHon	  
•  Rooted	  in	  laws	  of	  classical	  mechanics/thermodynamics	  

–  developed	  during	  18th	  and	  19th	  centuries	  (see	  Thompson,	  1978)	  
•  Early	  mathemaHcal	  model	  described	  by	  Arrhenius	  (1896)	  	  

–  surface	  energy	  balance	  model	  
	  

[Lorenz	  1996]	  DescripHon	  using	  nonlinear	  dynamical	  systems:	  
•  xt	  -‐	  the	  current	  state	  of	  the	  system	  is	  thought	  of	  as	  weather	  	  

–  e.g.	  a	  vector	  of	  relevant	  variables	  
•  Climate	  is	  E[xt]	  if	  the	  system	  is	  staHonary.	  

–  Compute	  windowed	  averages	  over	  ~30	  years.	  

•  Current	  view:	  climate	  is	  a	  distribuHon,	  and	  can	  change	  over	  Hme.	  

21	  Credit:	  D.	  Nychka,	  J.	  J.	  Hack/A.	  Gekelman	  



History	  of	  climate	  modeling	  
[Lorenz	  1996]	  DescripHon	  using	  nonlinear	  dynamical	  systems:	  
	  
•  xt	  -‐	  the	  current	  state	  of	  the	  system	  is	  thought	  of	  as	  weather	  	  

–  e.g.	  a	  vector	  of	  relevant	  variables	  

	  
•  Ft	  are	  external	  “forcings”	  (human	  acHviHes,	  solar	  radiaHon,	  etc.)	  
	  
•  G	  is	  based	  on	  physics,	  usually	  determinisHc.	  

–  Climate	  models!	  

22	  
Credit:	  D.	  Nychka	  

xt+1 = G(xt, Ft)



Climate	  model:	  a	  complex	  	  
system	  of	  interacHng	  	  
mathemaHcal	  models	  
�  Not	  data-‐driven	  
�  Based	  on	  scienHfic	  	  
	  	  	  	  	  first	  principles	  

•  Meteorology	  
•  Oceanography	  
•  Geophysics	  
•  …	  

•  DiscreHzaHon	  into	  	  
	  	  	  	  	  grid	  boxes	  	  

	  

Climate	  Modeling	  101	  

credit:	  UCAR/NCAR,	  NOAA	  	  23	  



Intergovernmental	  Panel	  on	  Climate	  Change	  
•  IPCC:	  Intergovernmental	  Panel	  on	  Climate	  Change	  

–  Nobel	  Peace	  Prize	  2007	  (shared	  with	  Al	  Gore).	  
–  Interdisciplinary	  scienHfic	  body,	  formed	  by	  UN	  in	  1988.	  
–  Fourth	  Assessment	  Report,	  2007,	  on	  global	  climate	  change	  

450	  lead	  authors	  from	  130	  countries,	  800	  contribuHng	  authors,	  	  	  	  	  	  	  	  
over	  2,500	  reviewers.	  

–  Fith	  Assessment	  Report,	  September	  2013.	  Over	  830	  authors.	  

•  Climate	  models	  contribuHng	  to	  IPCC	  reports	  include:	  
	  	  	  	  	  	  	  Bjerknes	  Center	  for	  Climate	  Research	  (Norway),	  Canadian	  Centre	  for	  Climate	  Modelling	  

and	  Analysis,	  Centre	  NaHonal	  de	  Recherches	  Météorologiques	  (France),	  Commonwealth	  
ScienHfic	  and	  Industrial	  Research	  OrganisaHon	  (Australia),	  Geophysical	  Fluid	  Dynamics	  
Laboratory	  (Princeton	  University),	  Goddard	  InsHtute	  for	  Space	  Studies	  (NASA),	  Hadley	  
Centre	  for	  Climate	  Change	  (United	  Kingdom	  Meteorology	  Office),	  InsHtute	  of	  Atmospheric	  
Physics	  (Chinese	  Academy	  of	  Sciences),	  InsHtute	  of	  Numerical	  MathemaHcs	  Climate	  
Model	  (Russian	  Academy	  of	  Sciences),	  IsHtuto	  Nazionale	  di	  Geofisica	  e	  Vulcanologia	  
(Italy),	  Max	  Planck	  InsHtute	  (Germany),	  Meteorological	  InsHtute	  at	  the	  University	  of	  Bonn	  
(Germany),	  Meteorological	  Research	  InsHtute	  (Japan),	  Model	  for	  Interdisciplinary	  
Research	  on	  Climate	  (Japan),	  NaHonal	  Center	  for	  Atmospheric	  Research	  (Colorado),	  
among	  others.	  
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IPCC	  findings:	  human	  influence	  on	  climate	  

IPCC	  2013	  

Black:	  true	  observaHons.	  	  
Orange/red:	  Climate	  model	  simulaHons	  with	  human-‐induced	  greenhouse	  gasses.	  
Blue:	  Climate	  model	  simulaHons	  without	  human-‐induced	  greenhouse	  gasses.	  
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Modeling	  future	  scenarios	  

credit:	  IPCC	  2013	  

Black:	  True	  observaHons	  (unHl	  2006).	  
Orange/red:	  Constant	  emissions.	  
Grey:	  Constant	  atmospheric	  composiHon	  (constant	  forcing).	  	  
Blue:	  Zero	  emissions	  starHng	  2010	  (impossible).	   26	  



Climate	  Data	  is	  Big	  Data	   	   	  	  

	  	  	  	  	  credit:	  G.	  Schmidt/D.	  Nychka	  
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Challenges	  of	  climate	  data	  
	  	  

Massive,	  high-‐dimensional,	  spaHotemporal	  	  	  
	  
Data	  streams,	  non-‐staHonary	  (over	  Hme	  and	  space)	  
	  
Unlabeled,	  sparsity,	  missing	  data,	  heterogeneity	  
	  
Low	  intrinsic	  dimension,	  latent	  structure	  
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Outline	  of	  Tutorial 	  	  
For	  each	  climate	  problem,	  we’ll	  discuss	  exisHng	  approaches	  in	  
climate	  science,	  and	  ML,	  and	  open	  problems.	  
	  

1.  Paleo-‐climate	  reconstrucHon	  	  
	   	  What	  was	  the	  climate	  before	  we	  had	  thermometers?	  

2. 	  Climate	  downscaling	  	  
	   	  What	  climate	  can	  I	  expect	  in	  my	  own	  backyard?	  

3.	   	  Climate	  model	  ensembles	  	  
	   	  How	  best	  to	  harness	  the	  predicHons	  of	  the	  IPCC	  ensemble?	  

4.	   	  Extreme	  events	  	  
	   	  What	  are	  extreme	  events	  and	  how	  will	  climate	  change	  affect	  them?	  

5.	   	  Space	  and	  Hme	  
	  	  	  	  	  	  	  	  	  How	  to	  capture	  dependencies	  over	  space	  and	  Hme?	  

6.	   	  Conclusion	  and	  further	  challenges	  for	  ML	  in	  climate	  science	  
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We’ll	  touch	  on	  most	  of	  these	  ML	  topics	  	  	  
•  Graphical	  models	  	  

–  MRF/CRF,	  topic	  models,	  inference,	  structure	  learning	  
•  Hierarchical	  Bayesian	  models	  
•  Matrix	  compleHon	  
•  Sparse	  representaHons	  
•  Causality	  	  
•  MulHtask	  learning	  
•  Unsupervised	  learning	  
•  Online	  learning	  
•  Analysis	  of	  quanHles	  and	  extremes	  
•  SpaHal	  staHsHcs	  
•  Deep	  learning	  
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Why	  should	  I	  (NIPS	  akendee)	  care?	  
•  Very	  impacxul	  problems	  for	  society;	  climate	  change	  miHgaHon	  

and	  adaptaHon.	  Chance	  to	  affect	  IPCC.	  

•  Data-‐rich	  “big	  data”	  playground,	  public	  data	  sets	  
	  

•  Largely	  open	  field	  for	  ML,	  with	  many	  low-‐hanging	  fruit	  
	  

•  Climate	  scienHsts	  are	  already	  extremely	  computaHonally	  
sophisHcated,	  wriHng	  massive	  sotware,	  running	  HPC.	  	  
–  Allows	  for	  fruixul	  collaboraHons	  focused	  on	  the	  ML	  value-‐add.	  
–  Climate	  model	  simulaHons	  provide	  a	  vast	  wealth	  of	  data/knowledge.	  

•  Physics	  provides	  some	  inerHa,	  predictability!	  

•  Funding	  opportuniHes	  	  
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2011 	  	  	  	  	  	  	  	  	  	  First	  InternaHonal	  Workshop	  on	  Climate	  InformaHcs	  	  
	   	   	   	   	  New	  York	  Academy	  of	  Sciences	  
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  Climate	  InformaHcs	  Wiki	  launched	  
2013	  	  	  	  	  	  	  	  	  	  “Climate	  InformaHcs”	  book	  chapter	  [M	  et	  al.	  2013]	  	  

2015 	  	  	  	  	  	  	  	  	  	  Please	  join	  us	  in	  September	  as	  Climate	  InformaHcs	  turns	  5!	  
	  	  	  	  	  	  	  	  	  	  	  	   	  	  	  	  	   	   	  NaHonal	  Center	  for	  Atmospheric	  Research,	  Boulder	  CO 	  	  
	   	  	  	  	  	   	  	  	  	  	  In	  the	  first	  4	  years:	  parHcipants	  from	  over	  16	  countries,	  28	  states	  	  

	  	  
	  
	  
	  
	  
	  
	  
	  
	  
	  

Climate	  InformaHcs	  
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Paleo-‐climate	  ReconstrucHon	  
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Paleo-‐climate	  reconstrucHon	  

Problem:	  
–  To	  understand	  climate	  change	  we	  need	  to	  understand	  past	  
climates.	  

–  NOTE:	  climate	  has	  fluctuated	  at	  much	  greater	  scales	  in	  the	  
past	  than	  in	  the	  20th	  Century.	  

–  However	  the	  variance	  on	  measurements	  is	  higher	  in	  the	  past.	  
•  We	  did	  not	  have	  a	  global	  grid	  of	  measurements	  
•  Measurements	  corrupted	  or	  lost	  

Challenge:	  use	  paleo-‐proxies	  to	  reconstruct	  temperatures,	  CO2	  

	  E.g.	  tree	  rings,	  coral,	  ice	  cores,	  lake	  sediment	  cores,	  provide	  esHmates.	  

	  	  	  	  	  	  	  	  
	  

34	  



Paleo-‐climate	  reconstrucHon	  
Challenge:	  use	  paleo-‐proxies	  to	  reconstruct	  temperature,	  CO2	  
concentraHons.	  E.g.	  tree	  rings,	  coral,	  ice	  cores,	  lake	  sediment	  cores.	  

	  

Credit:	  D.	  Nychka	  
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“The	  Hockey	  SHck	  Curve”	  

Credit:	  D.	  Nychka,	  2012	  

Public	  akenHon	  	  
focused	  on	  the	  	  
mean	  curve,	  	  
not	  the	  variance.	  

Credit:	  D.	  Nychka	  
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Bayesian	  approach 	  	  
[Li,	  Nychka	  &	  Ammann,	  JASA,	  2010]	  

Bayesian	  hierarchical	  model	  used	  to	  generate	  ensembles	  
	  P(D,	  T,	  θ)	  =	  P(D	  |	  T,	  θ)	  P(T	  |	  θ)	  P(θ)	  

	  
–  P(D	  |	  T,	  θ):	  Data	  model:	  The	  relaHonship	  of	  the	  proxies	  to	  surface	  

temperatures	  	  
•  e.g.	  linear	  plus	  noise.	  	  	  
•  The	  linear	  filter	  is	  determinisHc,	  based	  on	  the	  type	  of	  proxy,	  j.	  Scalar	  parameters.	  

–  P(T	  |	  θ):	  Process	  model:	  How	  do	  surface	  temperatures	  evolve	  in	  Hme	  (and	  
space)	  

•  Physical	  model	  incorporaHng	  forcings,	  plus	  noise.	  Scalar	  parameters.	  
	  

–  P(θ):	  Priors	  over	  staHsHcal	  parameters	  (above).	  
•  Chosen	  based	  on	  physical	  informaHon	  

	  
EsHmate	  temperature	  by	  sampling	  from	  the	  condiHonal	  distribuHon	  of	  
temperature,	  given	  the	  observed	  proxy	  values.	  

–  	   Using	  MCMC	  
37	  

Credit:	  D.	  Nychka	  

Dj,t = fj(Tt) + ✏j,t



	   	   	   	   	   	   	   	   	   	   	   	   	   	  	  “Hockey	  sHck	  
	   	   	   	   	   	   	   	   	   	   	   	   	   	  	  	  	  curve”	  

	  
	  
	  
	  
	  

	   	   	   	  	  
	   	   	   	   	   	   	   	   	   	   	   	   	   	   	  Bayesian	  
	   	   	   	   	   	   	   	   	   	   	   	   	   	   	  hierarchical	  
	   	   	   	   	   	   	   	   	   	   	   	   	   	   	  approach	  

38	  
Credit:	  D.	  Nychka	  
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o	   	  	  max	  value	  (pre-‐1850)	  of	  each	  ensemble	  draw	  
-‐	  -‐	  -‐	  	  	  	  95%	  upper	  bound	  on	  these	  1000	  maxima	  

Credit:	  D.	  Nychka	  



Bayesian	  reconstrucHons	  of	  CO2	  	  

40	  
[Nychka	  et	  al.,	  JSM,	  2014]	  



[Smerdon	  &	  Kaplan,	  Journal	  of	  Climate,	  2007]	  

Challenge:	  How	  to	  best	  harness	  
paleo-‐proxies	  to	  reconstruct	  	  
past	  climates?	  	  
	  
	  
Possible	  ML	  approaches:	  
	  
Can	  sparse	  matrix	  compleHon	  techniques	  
play	  a	  role?	  

Discover	  latent	  structure?	  
	  

	  
Related	  ML	  issues:	  

	  Data	  fusion	  (many	  small	  data	  sets!)	  
	  MulH-‐view	  learning	  
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Climate	  Downscaling	  

42	  
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Climate	  Downscaling	  



Climate	  Downscaling	  

	  
•  Sub-‐grid	  scale	  variables:	  temperature,	  precipitaHon,	  …	  	  

–  Local	  observaHons	  (OBS):	  Weather	  staHons,	  remote	  sensing,	  …	  
–  Global	  models	  (GCM):	  Coarse	  resoluHon	  fields	  

	  
Goal:	  Understanding	  Local	  Climate	  Change	  
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Credit:	  K.	  Hayhoe	  
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Matching	  StaHsHcs	  
•  Climate	  variables:	  staHsHcs	  vs	  (daily)	  values	  
•  Nonlinear	  dynamics,	  hard	  to	  project	  exact	  value	  

–  Example:	  Value	  of	  (temp,	  precip)	  ater	  one	  year,	  not	  predictable	  

•  StaHsHcs	  are	  more	  stable,	  (hopefully)	  changes	  smoothly	  
–  Example:	  Matching	  quanHles	  between	  GCM	  and	  OBS	  [Li	  et	  al.,	  JGR	  2010]	  
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Credit:	  K.	  Hayhoe	  



Downscaling:	  Local	  Climate	  

	  
•  OBS	  is	  for	  past	  and	  current	  

–  What	  will	  it	  be	  in	  future?	  

•  Delta	  method	  [Ramirez	  et	  al.,	  2010]	  

–  DistribuHon	  shits	  
–  No	  change	  in	  shape	  
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Downscaling:	  Local	  Climate	  
•  QuanHle	  mapping	  [Li	  et	  al.,	  JGR	  2010]	  

–  Bias-‐correcHon	  
•  StaHsHcal	  asynchronous	  regression	  	  

–  Piecewise	  linear,	  by	  month/season	  
	  	  	  	  	  	  	  	  [O'Brien	  et	  al.,	  JGR	  2001,	  De�nger	  et	  al.,	  2004]	  

	  

	  

	  
•  QuanHle	  Regression	  

[Koenker	  &	  Bassek,	  1978,	  Friederichs	  et	  al.,	  MWR	  2007]	  
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Credit:	  K.	  Hayhoe	  



Downscaling	  Approaches	  
•  Weather	  typing:	  Method	  of	  analogues	  [Zorita	  et	  al.,	  J	  Clim	  1999]	  

–  Matching	  with	  previous	  analogous	  situaHons	  

•  Weather	  generators	  
–  Match	  staHsHcal	  akributes,	  not	  values	  [Semenov	  et	  al.,	  CC	  1997]	  

•  MulHple	  linear	  regression	  [Jeong	  et	  al.,	  CC	  2012]	  
–  Use	  staHsHcal	  influences,	  relaHonships	  
–  SpaHal	  smoothing,	  structural	  constraints	  
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Sea	  Surface	  Temperature	  (SST)	  anomalies:	  El	  Nino	  in	  1997-‐98	  and	  2002-‐03	  



Dynamical	  Downscaling	  
•  Regional	  Climate	  Models	  (RCMs)	  [Christensen	  et	  al.,	  CC	  2007]	  

–  Run	  RCMs	  with	  suitable	  boundary	  condiHons	  
–  Usually	  beker	  than	  GCMs	  for	  local	  climate	  

–  Boundary	  condiHons	  for	  future	  climate?	  GCMs	  
–  Bias	  of	  GCMs	  affect	  boundary	  condiHons	  	  
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Average	  summer	  (JJA)	  rainfall,	  1990-‐1995	  

Credit:	  X.	  Liang	  



•  Influence	  of	  oceans	  on	  land	  temperature,	  precipitaHon	  
–  Y,	  over	  land:	  temp/precip	  in	  9	  regions	  	  
–  X,	  over	  oceans:	  temperature,	  sea	  level	  pressure,	  relaHve	  humidity,	  

wind	  speeds,	  etc.	  
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  [Chakerjee	  et	  al.,	  SDM	  2012,	  Steinhaeusar	  et	  al.,	  CD	  2012]	  

	  

50	  

Sparse,	  Structured	  Regression	  



Sparse,	  Structured	  Regression	  

•  High-‐dimensional	  regression:	  Sparse	  Group	  Lasso	  (SGL)	  

•  MulHple	  ocean	  locaHons,	  mulHple	  variables	  in	  each	  locaHon	  
–  Few	  ocean	  locaHons	  are	  relevant	  

•  Group	  level	  sparsity	  for	  SGL	  
–  For	  relevant	  ocean	  locaHons,	  few	  covariates	  are	  relevant	  

•  Covariate	  level	  sparsity	  for	  SGL	  
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Results:	  SGL	  vs	  Baselines	  
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La�ceKrig:	  SpaHal	  Downscaling	  
•  SpaHal	  staHsHcal	  model	  

	  

•  Data at n	  spaHal	  locaHons,	  (xi, yi, zi), over time	

xi:	  spaHal	  locaHons,	  yi::	  observaHons,	  zi :	  features	  

•  EsHmate	  g(x) based	  on	  observaHons	  
–  Uncertainty	  quanHficaHon	  in	  esHmate	  
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[Benestad	  et	  al.,	  NCC	  2012,	  Nychka	  et	  al.,	  JCGS	  2014]	  



Model:	  Random	  effects,	  MulH-‐resoluHon	  

•  Linear model with m	  basis	  funcHons,	  compact support	  
	  

	  

•  Coefficients	  cj	  are	  random,	  jointly	  Gaussian	  

–  Precision	  matrix:	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  is	  assumed	  to	  be	  sparse	  
–  Gaussian	  Markov	  random	  field	  

•  MulH-‐resoluHon:	  Sum	  of	  L	  independent	  random	  effects	  
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Random	  Coefficients:	  1-‐D	  example	  
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Credit:	  D.	  Nychka	  



MulH-‐resoluHon	  1-‐D	  example	  

56	  Credit:	  D.	  Nychka	  



SpaHal,	  Gaussian	  MRF	  

•   Gaussian	  MRF	  covariance	  Σ	  =	  (HTH)-‐1	  	  
–  H	  is	  sparse,	  precision	  is	  HTH	  (sparse)	  
–  SpaHal	  Auto-‐Regressive	  process,	  κ	  >	  0	  
–  CondiHonal	  Auto-‐Regressive,	  κ	  =	  0:	  Laplacian	  

57	  

Distribution of c

D. Nychka Dense Rank Kriging 15

Simulated fields 101⇥ 101 lattice

−2

−1

0

1

2

−10

−5

0

5

30

40

50

60

70

80

 = .5  = .1  = .01
For  ! 0, correlation range ! 1.

Hc ⇠ MN(0,↵I)
or
c ⇠ MN(0,↵(HTH)�1)

H is a sparse matrix: 5 nonzero values in each row

HTH is also sparse even with long range dependence in fields

Simulated	  fields	  of	  random	  coefficients	  c	   Credit:	  D.	  Nychka	  



La�ceKrig:	  StaHsHcal	  Downscaling	  

•  North	  America	  (NA)	  summer	  (JJA)	  precipitaHon	  
•  1720	  staHons,	  JJA	  mean	  for	  1950-‐2010	  
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g(x): mean summer precipitation

D. Nychka Dense Rank Kriging 5
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•  Too	  coarse	  for	  precipitaHon	  
•  Differences	  in	  spaHal	  coverage	  
•  Dependency	  on	  

•  Local	  topography	  
•  MulH-‐resoluHon	  spaHal	  variaHons	  

Credit:	  D.	  Nychka	  



Downscaling	  with	  La�ceKrig	  
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NA Summer precipitation

D. Nychka Dense Rank Kriging 18
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Comparison of exact exponential MLE and Lattice Krig approximation

100

200

300

400

500

600

700

Observed JJA Precipitation (mm) LKrig predicted surface

−30

−20

−10

0

10

20

Percentage difference in Residuals

●●

●

●

●

●

0
10

0
30

0
50

0

Lattice Krig

Ex
po

ne
nt

ia
l C

ov
ar

ia
nc

e

0 100 200 300 400 500 600 700

Predicted values LKrig and Exponential Cov.

Credit:	  D.	  Nychka	  



Challenges	  for	  StaHsHcal	  Downscaling	  
•  Simple	  vs	  complex	  processes,	  e.g.,	  temp	  vs	  precip	  

–  Heterogeneous	  in	  space-‐Hme,	  nonsmooth	  structure,	  mulH-‐resoluHon	  
–  Feedback	  mechanisms	  and	  interacHons,	  e.g.,	  land,	  ocean,	  atmosphere	  

•  Choice	  of	  predictors,	  feature	  selecHon,	  interpretability	  
–  Set	  of	  possible	  predictors	  can	  be	  large,	  e.g.,	  in	  tropics	  
–  Dependence	  on	  climate	  processes	  vs	  simple	  covariates	  
–  Nonlinear	  dependencies,	  nonlinear	  dynamics	  

•  Oscillators,	  teleconnecHons	  
–  Phases	  of	  oscillators	  may	  jointly	  determine	  `state’	  
–  Low	  frequency	  variability	  

•  QuanHles,	  Extremes	  
–  Understanding	  tail	  behavior	  

•  Predictability	  	  	  
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Climate	  Model	  Ensembles	  
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Why	  ensembles?	  

62	  
[Knu�	  et	  al.	  2010,	  J.	  of	  Climate]:	   2080-‐99	  relaHve	  to	  1980-‐99	  



Ensembles	  used	  in	  climate	  science	  
•  Ensembles	  of	  opportunity	  	  

–  Different	  models	  from	  different	  modeling	  groups,	  e.g.	  the	  IPCC	  ensemble	  
	  

•  IniHal	  condiHon	  ensembles	  
–  Perturb	  iniHal	  condiHons	  of	  a	  single	  model	  	  
–  Significant	  changes	  possible	  (cf.	  Bukerfly	  Effect)	  
–  “Pure	  ensemble”	  –	  perturb	  only	  last	  few	  significant	  digits	  of	  an	  iniHal	  

condiHon.	  Changes	  the	  weather	  but	  should	  not	  change	  the	  climate.	  Used	  to	  
robusHfy	  esHmates	  of	  climate.	  

•  Perturbed	  physics	  ensembles	  (PPE)	  	  
–  Change	  parameter	  values	  of	  a	  single	  model	  
–  Can	  create	  drasHc	  changes	  in	  predicHons	  

	  
	  
NOTE:	  weather	  forecasHng	  also	  makes	  use	  of	  ensembles	  (e.g.	  Bayesian	  model	  
averaging).	  
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MulH-‐model	  ensemble	  used	  by	  IPCC	  
•  IPCC:	  Intergovernmental	  Panel	  on	  Climate	  Change	  

–  Nobel	  Peace	  Prize	  2007	  (shared	  with	  Al	  Gore).	  
–  Interdisciplinary	  scienHfic	  body,	  formed	  by	  UN	  in	  1988.	  
–  Fourth	  Assessment	  Report,	  2007,	  on	  global	  climate	  change	  

450	  lead	  authors	  from	  130	  countries,	  800	  contribuHng	  authors,	  	  	  	  	  	  	  	  
over	  2,500	  reviewers.	  

–  Fith	  Assessment	  Report,	  September	  2013.	  

•  Climate	  models	  contribuHng	  to	  IPCC	  reports	  include:	  
	  	  	  	  	  	  	  Bjerknes	  Center	  for	  Climate	  Research	  (Norway),	  Canadian	  Centre	  for	  Climate	  Modelling	  

and	  Analysis,	  Centre	  NaHonal	  de	  Recherches	  Météorologiques	  (France),	  Commonwealth	  
ScienHfic	  and	  Industrial	  Research	  OrganisaHon	  (Australia),	  Geophysical	  Fluid	  Dynamics	  
Laboratory	  (Princeton	  University),	  Goddard	  InsHtute	  for	  Space	  Studies	  (NASA),	  Hadley	  
Centre	  for	  Climate	  Change	  (United	  Kingdom	  Meteorology	  Office),	  InsHtute	  of	  Atmospheric	  
Physics	  (Chinese	  Academy	  of	  Sciences),	  InsHtute	  of	  Numerical	  MathemaHcs	  Climate	  
Model	  (Russian	  Academy	  of	  Sciences),	  IsHtuto	  Nazionale	  di	  Geofisica	  e	  Vulcanologia	  
(Italy),	  Max	  Planck	  InsHtute	  (Germany),	  Meteorological	  InsHtute	  at	  the	  University	  of	  Bonn	  
(Germany),	  Meteorological	  Research	  InsHtute	  (Japan),	  Model	  for	  Interdisciplinary	  
Research	  on	  Climate	  (Japan),	  NaHonal	  Center	  for	  Atmospheric	  Research	  (Colorado),	  
among	  others.	  
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Climate	  models	  (GCMs)	  

Climate	  model:	  a	  complex	  system	  of	  interacHng	  mathemaHcal	  models	  
�  Not	  data-‐driven	  
�  Based	  on	  scienHfic	  first	  principles	  

•  Meteorology	  
•  Oceanography	  
•  Geophysics	  
•  …	  

Climate	  model	  differences	  
�  AssumpHons	  
�  DiscreHzaHons	  
�  Scale	  interacHons	  

•  Micro:	  rain	  drop	  
•  Macro:	  ocean	  

	  

	  credit:	  NOAA	  
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Scale	  resoluHon	  problem	  

66	  
	   	   	  credit:	  Anthes	  et	  al.	  1975,	  presented	  by	  J.	  J.	  Hack/A.	  Gekelman	  



Scale	  resoluHon	  problem	  
Some	  important	  physical	  processes	  cannot	  be	  resolved	  at	  correct	  
scale,	  and	  are	  therefore	  approximated	  (“parameterizaHons”).	  
	  
E.g.	  
•	  	  Moist	  Processes:	  Moist	  convecHon,	  shallow	  convecHon,	  large	  scale	  
condensaHon	  
•	  	  RadiaHon	  and	  Clouds:	  Cloud	  parameterizaHon,	  radiaHon	  
•	  	  Surface	  Fluxes:	  Fluxes	  from	  land,	  ocean	  and	  sea	  ice	  (from	  data	  or	  models)	  
•	  	  Turbulent	  mixing:	  Planetary	  boundary	  layer	  parameterizaHon,	  verHcal	  diffusion,	  
gravity	  wave	  drag	  
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	  credit:	  J.	  J.	  Hack/A.	  Gekelman	  
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Improving	  predicHons	  of	  the	  IPCC	  ensemble	  

•  Coupled	  Model	  Intercomparison	  Project	  (CMIP)	  
	  	  	  	  	  	  	  	   	  [Meehl	  et	  al.,	  Bull.	  AMS,	  ‘00]	  
•  No	  one	  model	  predicts	  best	  all	  the	  Hme,	  for	  all	  variables.	  
•  Average	  predicHon	  over	  all	  models	  is	  beker	  predictor	  than	  any	  

single	  model.	  	  [Reichler	  &	  Kim,	  Bull.	  AMS	  ‘08],	  [Reifen	  &	  Toumi,	  GRL	  ’09]	  

•  Bayesian	  approaches	  in	  climate	  science	  e.g.	  [Smith	  et	  al.	  JASA	  ’08]	  
•  IPCC	  held	  2010	  Expert	  MeeHng	  on	  how	  to	  beker	  combine	  model	  

predicHons.	  

Can	  we	  do	  beker,	  using	  Machine	  Learning?	  	  	  
	  
Challenge:	  How	  should	  we	  predict	  future	  climates?	  	  

–  While	  taking	  into	  account	  the	  mulH-‐model	  ensemble	  predicHons	  
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Machine	  learning	  approaches	  
•  Tracking	  Climate	  Models	  (TCM)	  [M,	  Schmidt,	  Saroha,	  &	  Asplund,	  SAM	  

2011;	  NASA	  CIDU	  2010]:	  	  Online	  learning	  with	  expert	  advice.	  

•  Neighborhood-‐Augmented	  TCM	  (NTCM)	  [McQuade	  &	  M,	  AAAI	  2012]:	  
Extend	  TCM	  to	  model	  geospaHal	  neighborhood	  influence.	  

•  MulH-‐model	  regression	  with	  spaHal	  smoothing	  [Subbian	  &	  Banerjee,	  
SDM	  2012].	  	  

•  Climate	  PredicHon	  via	  Matrix	  CompleHon	  [Ghafarianzadeh	  &	  M,	  Late-‐
Breaking	  Paper,	  AAAI	  2013]:	  use	  	  sparse	  matrix	  compleHon.	  

•  MulH-‐task	  Sparse	  Structure	  Learning	  [Goncalves	  et	  al.	  CIKM	  2014].	  

•  MRF-‐based	  approach	  [McQuade	  &	  M,	  submiked	  2014].	  
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Average	  predicHon	  

Model	  A	   Model	  B	   Model	  C	   Model	  D	   Model	  E	  
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Model	  A	   Model	  B	   Model	  C	   Model	  D	   Model	  E	  

AdapHve,	  weighted	  average	  predicHon	  
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Model	  A	   Model	  B	   Model	  C	   Model	  D	   Model	  E	  

AdapHve,	  weighted	  average	  predicHon	  
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Model	  A	   Model	  B	   Model	  C	   Model	  D	   Model	  E	  

AdapHve,	  weighted	  average	  predicHon	  
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Model	  A	   Model	  B	   Model	  C	   Model	  D	   Model	  E	  

AdapHve,	  weighted	  average	  predicHon	  
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Tradeoff:	  Quickly	  finding	  current	  best	  predicHng	  model	  vs.	  
being	  ready	  to	  quickly	  switch	  to	  other	  models.	  	  

	  	  
	  
Tradeoff	  hinges	  on	  how	  oten	  the	  idenHty	  of	  the	  best	  model	  
switches.	  

Tradeoff:	  explore	  vs.	  exploit	  
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Online	  learning:	  non-‐staHonary	  data	  

Learn-‐α	  Algorithm	  [M	  &	  Jaakkola,	  NIPS	  2003]:	  	  
•  Learns	  the	  switching	  rate:	  level	  of	  non-‐staHonarity:	  α.	  
•  Tracks	  a	  set	  of	  meta-‐experts,	  online	  learning	  algorithms,	  each	  with	  a	  

different	  value	  of	  the	  α	  parameter.	  

pt+1(�) � pt(�)e�L(�,t)
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Online	  learning:	  non-‐staHonary	  data	  

pt+1(i) �
�

j

pt(j)e�L(j,t)p(i|j)

•  [M	  &	  Jaakkola,	  2003]:	  In	  a	  family	  of	  online	  learning	  algorithms,	  weight	  updates,	  
pt(i),	  equivalent	  to	  Bayesian	  updates	  of	  a	  generalized	  Hidden	  Markov	  Model.	  
–  Hidden	  variable:	  idenHty	  of	  “best	  expert.”	  
–  TransiHon	  dynamics,	  p(i	  |	  j),	  model	  non-‐staHonarity.	  

•  [Herbster	  &	  Warmuth,	  1998]:	  Fixed-‐Share	  algorithm	  models	  switching	  w.p.	  α.	  

P (i|j;↵) =
(
(1� ↵) i = j
↵

n�1 i 6= j
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IncorporaHng	  neighborhood	  influence	  
[McQuade	  &	  M,	  AAAI	  2012]	  

•  Climate	  predicHons	  are	  made	  at	  higher	  geospaHal	  resoluHons.	  
•  Run	  instances	  of	  Learn-‐α	  (variant)	  on	  mulHple	  sub-‐regions	  that	  

parHHon	  the	  globe.	  
•  Model	  neighborhood	  influences	  among	  geospaHal	  regions.	  
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IncorporaHng	  neighborhood	  influence	  

Neighborhood-‐augmented	  Learn-‐α.	  
	  Non-‐homogenous	  HMM	  transiHon	  dynamics:	  

•  S(r)	  -‐	  neighborhood	  scheme:	  set	  of	  “neighbors”	  of	  region	  r	  
•  Pt,s(i)	  -‐	  probability	  of	  expert	  (climate	  model)	  i	  in	  region	  s	  
•  β	  -‐	  regulates	  geospaHal	  influence	  
•  Z	  -‐	  normalizaHon	  factor	  	  
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MRF-‐based	  approach	  

Time t 

Time t 

Time t-1 

GeospaHal	  la�ce	  

[McQuade	  &	  M,	  submiked]	  
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MRF-‐based	  approach	  
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Climate	  PredicHon	  via	  Matrix	  CompleHon	  
[Ghafarianzadeh	  &	  M,	  Late-‐Breaking	  Paper,	  AAAI	  2013]	  

•  Goal:	  combine/improve	  the	  predicHons	  of	  the	  mulH-‐model	  ensemble	  
of	  GCMs,	  using	  sparse	  matrix	  compleHon.	  

•  Exploits	  past	  observaHons,	  and	  the	  predicHons	  of	  the	  mulH-‐model	  
ensemble	  of	  GCMs.	  

•  Learning	  approach	  is	  batch,	  unsupervised.	  
•  Create	  a	  sparse	  (incomplete)	  matrix	  from	  climate	  model	  predicHons	  

	  and	  observed	  temperature	  data.	  
•  Apply	  a	  matrix	  compleHon	  algorithm	  to	  recover	  it.	  	  
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  [Keshavan,	  Montanari	  &	  Oh,	  JMLR	  ’10]	  OptSpace	  algorithm:	  minimizaHon	  

	   	  of	  nuclear	  norm;	  uses	  spectral	  techniques	  and	  manifold	  opHmizaHon	  
	  

•  Yields	  predicHons	  of	  unobserved	  temperatures.	  
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ValidaHon	  period:	  2005-‐2012	  

Green:	  observaHon,	  Red:	  mean	  predicHon	  of	  climate	  models,	  Black:	  matrix	  compleHon	  
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ValidaHon	  period:	  2000-‐2012	  

Green:	  observaHon,	  Red:	  mean	  predicHon	  of	  climate	  models,	  Black:	  matrix	  compleHon	  
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ValidaHon	  period:	  1990-‐2012	  

Green:	  observaHon,	  Red:	  mean	  predicHon	  of	  climate	  models,	  Black:	  matrix	  compleHon	  
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ValidaHon	  period:	  1980-‐2012	  

Green:	  observaHon,	  Red:	  mean	  predicHon	  of	  climate	  models,	  Black:	  matrix	  compleHon	  
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ValidaHon	  period:	  1970-‐2012	  

Green:	  observaHon,	  Red:	  mean	  predicHon	  of	  climate	  models,	  Black:	  matrix	  compleHon	  
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Outlook	  
•  These	  results	  suggest	  some	  low	  intrinsic	  dimensionality.	  
	  
•  We	  induced	  some	  sparsity	  in	  the	  input	  matrix	  

–  Need	  not	  ensure	  low	  intrinsic	  dimensionality	  
	  
•  [Jia,	  DelSole	  &	  Tippek,	  J.	  Climate	  ‘13]	  also	  suggest	  low	  intrinsic	  

dimensionality:	  
–  Only	  a	  small	  number	  (~2)	  climatological	  “predicHve	  components”	  [DelSole	  &	  

Tippek,	  Rev.	  Geophys.	  ‘07]	  determine	  the	  predicHve	  “skill”	  of	  climate	  models	  
(measured	  w.r.t.	  observaHons).	  

•  General	  warming	  trend,	  and	  El	  Niño-‐Southern	  OscillaHon	  

•  GCM	  ensemble	  (or	  subsets)	  as	  lower	  dimensional	  subspace	  
–  Can	  serve	  as	  a	  proxy	  for	  the	  high	  dimensional,	  complicated	  (dependencies,	  

redundancies)	  space	  of	  climatological	  components	  in	  each	  GCM.	  	  

•  Suggests	  future	  work	  on	  tracking	  a	  small	  subset	  of	  the	  ensemble.	  
–  Subset	  can	  change	  over	  Hme	  and	  space	   90	  



Challenges	  in	  climate	  modeling	  	  
Challenge:	  Improve	  the	  predicHons	  of	  the	  mulH-‐model	  ensemble	  

–  Online	  learning	  approaches	  
•  Tracking	  a	  small	  subset	  of	  the	  ensemble,	  changing	  over	  Hme	  and	  space	  
•  {Semi,un}-‐supervised	  online	  learning	  with	  experts	  

–  Challenge:	  try	  other	  ML	  approaches!	  	  
–  Challenge:	  predict	  mulHple	  variables	  simultaneously	  
–  Challenge:	  Calibrate	  and	  compare	  climate	  models	  in	  a	  principled	  manner	  

Challenge:	  	  Improve	  the	  predicHons	  of	  an	  individual	  climate	  model	  
–  Challenge:	  resolve	  scale	  interacHons	  (“climate	  model	  parameterizaHon”)	  

•  MulHscale	  algorithms	  for	  mulHscale	  climate	  interacHons	  
–  Challenge:	  harness	  both	  physics	  and	  data!	  	  

•  Hybrid	  methods	  between	  physics-‐based	  models	  and	  data	  driven	  models	  
•  Data	  assimilaHon	  
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Climate	  Extremes	  
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①  Threshold	  in	  single	  variable	  	  [IPCC	  special	  report	  2012,	  p.4]	  
	  
② MulHple	  degrees	  of	  severity	  

③  Related	  to	  mulHple	  variables	  (complex	  extreme	  events)	  

④  AccumulaHon	  of	  non-‐extremes	  [IPCC	  2012,	  p.6]	  

⑤  Subject	  to	  local	  climate	  characterisHcs	  [IPCC	  2012,	  p.7]	  
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Machine	  learning	  approaches	  
•  Causal	  akribuHon	  of	  climate	  extremes	  [Lozano,	  Li,	  Niculescu-‐

Mizil,	  Liu,	  Perlich,	  Hosking,	  Abe,	  KDD	  2009].	  	  

•  Copula-‐Granger	  causality	  [Chen,	  Liu,	  Liu	  &	  Carbonell,	  AAAI	  ’10]	  
for	  non-‐Gaussian	  Hme	  series.	  

	  
•  Sparse-‐GEV	  [Liu,	  Bahadori,	  Li,	  ICML	  2012].	  Latent	  state	  model	  for	  

generalized	  extreme	  value	  Hme-‐series.	  
	  
•  Drought	  detecHon	  using	  MRFs	  [Fu,	  Banerjee,	  Liess,	  Snyder,	  SDM	  

2012].	  	  
	  
•  Unsupervised	  detecHon	  of	  extreme	  events	  via	  topic	  modeling	  

[Tang	  &	  M,	  Climate	  InformaHcs	  2014].	  
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Challenge:	  which	  factors	  have	  contributed	  to	  temperature	  
extremes	  and	  to	  what	  extent?	  
	  
[Lozano	  et	  al.	  KDD	  2009]:	  
Which	  factors	  Granger-‐caused	  extreme	  temperatures?	  

	  �	  	  Granger-‐causality:	  X	  Granger-‐causes	  Y	  if	  past	  values	  of	  X1:t	  influence	  Yt+1	  
	  �	  	  Extension	  to	  spaHotemporal	  variables	  via	  group	  Lasso	  [Arnold	  et	  al.	  KDD	  ‘07]	  
	  �	  	  Imposes	  sparsity,	  and	  spaHal	  penalHes	  enforce	  spaHal	  smoothness,	   	   	  
	   	  neighborhood	  similarity 	  	  
	  �	  	  Takes	  esHmates	  from	  exisHng	  GEV	  models	  as	  input�

 	  
[Liu,	  Bahadori	  &	  Li,	  ICML,	  2012]:	  Sparse-‐GEV	  models	  to	  directly	  infer	  the	  (sparse	  
temporal)	  dependence	  structure	  in	  mulHvariate	  extreme	  value	  Hme	  series.	  

Causal	  akribuHon	  of	  temp.	  extremes	  
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credit:	  Lozano	  et	  al.	  

Causal	  akribuHon	  of	  temp.	  extremes	  

[Liu	  at	  al.,	  ICML	  2010]:	  Granger-‐causal	  akribuHon	  using	  MRF-‐based	  sparse	  regression.	  	  

	  
[Lozano	  et	  al.	  KDD	  2009]:	  	  
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Copula-‐Granger	  Causality	  

•  How	  to	  handle	  non-‐Gaussian	  spaHotemporal	  climate	  data?	  
•  Map	  observaHons	  to	  (non-‐paranormal)	  Gaussian	  Copula	  space:	  

–  Assume	  (f1(X1),…,fp(Xp))	  	  ~	  N(µ,Σ),	  where	  {fj}	  univariate,	  monotone	  	  
•  Determine	  Granger	  causality	  over	  these	  copula	  data	  

–  Using	  lasso	  variants	  applied	  to	  (f1(X1(t)),…,fp(Xp(t))	  
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Mega-‐Droughts	  
•  Mega-‐Droughts	  

–  Persistent	  over	  space	  and	  Hme	  
–  Catastrophic	  consequences	  

•  Examples	  
–  Late	  1906s	  Sahel	  drought	  
–  1930s	  North	  American	  Dust	  Bowl	  

•  Related	  work	  in	  climate	  science,	  e.g.	  Palmer	  Drought	  Severity	  Index	  
–  [Palmer	  ‘65]:	  Geophysical	  index,	  primarily	  based	  on	  soil	  moisture	  

•  Discrete	  hidden	  Markov	  random	  field	  (HMRF)	  
	  	  	  	  	  	  [Fu	  et	  al.,	  SDM	  ’12,	  Wang	  et	  al.,	  UAI’13,	  Wang	  et	  al.,	  NIPS’14]	  

–  Each	  latent	  node	  zi	  is	  “wet”	  or	  “dry,”	  observed	  xi	  is	  precipitaHon	  	  
–  MRF	  gives	  smoothness	  in	  space	  and	  Hme	  

•  MAP	  inference	  with	  two	  states:	  “wet”	  or	  “dry”	  
•  Post	  process	  to	  find	  significant	  space-‐Hme	  “dry”	  regions	  
•  Significantly	  outperforms	  naïve	  thresholding	  algorithm	  	  
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Results:	  Droughts	  starHng	  in	  1920-‐30s	  

Drought in northwest 
America in the 1920s 

Drought in central 
Canada in the 1920s 

 The Dustbowl in the 1930s 

Drought in southern 
Africa in the 1920s 

Drought in Eastern 
China in the 1920s 
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Results:	  Droughts	  starHng	  in	  1960-‐70s	  	  

The prolonged drought 
in Sahel in the 1970s 

Drought in India and 
Bangladesh in the 1960s 
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Major	  Droughts:	  1901-‐2006	  
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Topic	  modeling	  approach	  

Geophysical	  
Models	   StaHsHcal	  Models	  

	  
Extreme	  values	  

	  

Extreme	  and	  Non-‐
extreme	  values	  

[Tang	  &	  M,	  Climate	  InformaHcs	  2014]	  

Single	  variable	   MulHple	  variables	  

Model	  

Data	  type	  

Variables	  
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Events	  MulHple	  event	  types	  Single	  event	  type	  



Document	  	  
(bag	  of	  words)	  

Topics	  

Words	  

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-‐locaHons	  

Climate	  
topics	  

Climate	  
Descriptors	  

	  credit:	  D.	  Blei	  

Climate	  topic	  modeling	  
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Climate	  topic	  modeling	  using	  LDA	  

•  L:	  number	  of	  spaHal	  regions	  
•  N:	  number	  of	  observaHons	  in	  region	  
•  tn:	  climate	  topic	  
•  In:	  climate	  descriptor:	  discreHzed	  observed	  climate	  variable	  
•  Dirichlet	  prior	  on	  θ	   104	  
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How	  to	  use	  these	  results?	  

•  Defining	  climate	  extreme	  events	  automaHcally	  
•  Modeling	  and	  detecHng	  complex	  extreme	  climate	  events	  	  
•  Feature	  selecHon	  for	  complex	  extreme	  events	  	  
•  Use	  the	  results	  to	  find	  spaHal	  covariability	  of	  extreme	  events	  
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Remaining	  Challenges	  for	  ML	  

•  What	  are	  the	  effects	  of	  climate	  change	  on	  extreme	  events,	  
especially	  regional?	  

•  How	  will	  distribuHons	  of	  relevant	  variables	  change	  with	  climate	  
change?	  

•  DetecHng	  /	  predicHng	  climate	  extremes,	  anomaly	  detecHon	  

•  Real-‐Hme	  learning	  from	  data	  streams,	  tracking	  extreme	  events	  	  
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Space	  and	  Time	  
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Climate	  Networks	  

•  Network(s)	  of	  interacHons	  between	  dynamical	  processes	  

•  CorrelaHon	  Measures	  
–  Pearson	  correlaHon	  
–  Mutual	  InformaHon	  	  

	  
•  Graph	  over	  locaHons,	  thresholded	


–  Data:	  One	  variable,	  typically	  
–  Aggregated	  or	  segregated	  	  
–  E.g.,	  El-‐Nino/La-‐Nina,	  Summer/Winter,	  …	  
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CorrelaHon	  Networks	  

•  Goal:	  Construct	  graph	  G = (V, E) over	  nodes	  V	  
–  Single	  climate	  variable,	  e.g.,	  500-‐hPa	  pressure	  level	  height	  
–  CorrelaHon	  Thresholding	  

109	  

562 A. A. Tsonis and K. L. Swanson: On the origins of decadal climate variability

Fig. 3. Total number of links (connections) at each geographic location. More accurately it shows the fraction of the total global area that a
point is connected to. This is a more appropriate way to show the architecture of the network because the network is a continuous network
defined on a sphere. The uniformity observed in the tropics indicates that each node possesses the same number of connections. This is
not the case in the extratropics where certain nodes possess more links than the rest. The definition of a link is based on cross-correlations
at lag zero (r) between the time series of any pair of points (nodes). Note that since the values are monthly anomalies, there is very little
autocorrelation in the time series. A pair is considered as connected if the absolute value of their cross-correlation |r| � 0.5. This criterion
is based on parametric and non-parametric significance tests. According to the t-test, a value of r = 0.5 is statistically significant above the
99% level. In addition, randomization experiments where the values of the time series of one node in a pair are scrambled and then are
correlated to the unscrambled values of the time series of the other node indicate that a value of r = 0.5 will not arise by chance. The choice
of r = 0.5 while it guarantees statistical significance is somewhat arbitrary. We find that while other values might affect the connectivity
structure of the network, the effect of different correlation thresholds (between 0.4 and 0.6) does not affect the conclusions. Obviously, as
the threshold |r| ! 1 we end up with a random network and as r ! 0 we remain with just one fully connected community. The use of the
correlation coefficient to define links in networks is not new. Correlation coefficients have been used to successfully derive the topology of
gene expression networks (Farkas et al., 2003) and to study financial markets (Mantegna, 1999). Other ways to define a link exist. Donges et
al. (2009a, b), for example, have used the mutual information instead when they construct the networks. We believe that any way to define
a link is adequate if it delineates features of the system. In our case it is consistent with the known features in the climate systems, such as
ENSO, NAO, PNA, etc.

characteristic of scale-free networks. In the Northern Hemi-
sphere, we clearly see the presence of regions where such
super nodes exist in China, North America and Northeast
Pacific Ocean. Similarly, several super nodes are visible in
the Southern Hemisphere. These differences between tropics
and extratropics have been delineated in the corresponding
degree distributions, which suggest that indeed the extratrop-
ical network is a scale-free network characterized by a power
law degree distribution (Tsonis et al., 2006). As is the case
with all scale-free networks, the extratropical network is also
a small-world network (Tsonis et al., 2006).
An interesting observation in Fig. 3 is that super nodes

may be associated with major teleconnection patterns. For
example, the super nodes in North America and North-
east Pacific Ocean are located where the well-known Pacific

North America (PNA) pattern (Wallace and Gutzler, 1981) is
found. In the Southern Hemisphere, we also see super nodes
over the southern tip of South America, Antarctica and South
Indian Ocean that are consistent with some of the features of
the Pacific South America (PSA) pattern (Mo and Higgins,
1998). Interestingly, no such super nodes are evident where
the other major pattern, the North Atlantic Oscillation (NAO)
(Thompson and Wallace, 1998; Pozo-Vazquez et al., 2001;
Huang et al., 1998) is found. This, however, does not indi-
cate that NAO is an insignificant feature of the climate sys-
tem. Since NAO is not strongly connected to the tropics, the
high connectivity of the tropics with other regions is mask-
ing NAO out (Tsonis et al., 2008). Indeed if we consider only
the extratropics the resulted network is dominated by NAO
(Fig. 4).
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Fig. 4. Same as Fig. 3 but only for the extratropics (north of 30�).

This is also indicated by the community structure of the
500 hPa network (Fig. 3) shown in Fig. 5 (for details see
Tsonis et al., 2011). The total number of communities is
47. Many of these communities, however, consist of very
few points in the boundaries between a small number of
dominant communities (think of a country whose population
is dominated by two races but also includes small groups
of other races). Evidently the effective number of commu-
nities is, arguably, four (delineated as purple, blue, green,
and yellow-red areas). We observe that three of the effective
four communities correspond to a latitudinal division 90� S–
30� S, 30� S–30� N, and 30� N–90� N. This three-zone sepa-
ration is not a trivial separation into Northern Hemisphere
winter, Southern Hemisphere summer, and the rest of the
world, because when we repeat the analysis with yearly aver-
ages rather than seasonal values, we also see evidence of this
three-zone separation. This separation is consistent with the
transition from a barotropic atmosphere (where pressure de-
pends on density only; appropriate for the tropics-subtropics)
to a baroclinic atmosphere (where pressure depends on both
density and temperature; appropriate for higher latitudes).
Another possibility is that it reflects the well known three-
zone distribution of variance of the surface pressure field.
Within the third community (green area) another commu-
nity (yellow-red) is embedded. This community is consistent
with the presence of major atmospheric teleconnection pat-
terns such as the Pacific North America (PNA) pattern and
the North Atlantic Oscillation (NAO) (Wallace and Gutzler,
1981; Barnston and Livezey, 1987). We note here that NAO
(which has been lately suggested of being a three-pole pat-
tern rather than a dipole; Tsonis et al., 2008) and AO (Arctic
Oscillation; Thompson and Wallace, 1998) are often inter-
preted as manifestations of the same dynamical mode, even
though in some cases more physical meaning is given to
NAO (Ambaum et al., 2001). In any case, here we do not

Fig. 5. Community structure of the network in Fig. 3. The number
below the shading key indicates the total number of communities
(see text for more details).

make a distinction between NAO and AO. We note that sim-
ilar results are obtained for other observed fields (such as the
surface air temperature and sea level pressure, where influ-
ences of ENSO and PDO are present) as well as in model
simulated fields (Tsonis et al., 2011). We note that in spa-
tially extended systems it is possible that spatial correlation
may produce spurious small-world networks (Bialonski et
al., 2010; Hlinka et al., 2012; Paluš et al., 2011). For our
climate networks, we have shown (Tsonis et al., 2011) that
the network structure derived from spatio-temporal surro-
gate data on a sphere, which are spatially correlated with a
decorrelation distance of 3000 km, is not consistent with the
network structure of the observed fields. This provides confi-
dence that our networks and their structures are not an artifact
of spatial correlations
In summary, the results outlined in this section suggest

that climate networks are characterized by supernodes and
a small number of communities, which relate to major tele-
connection patterns/climate modes. Having established this,
we proceed with our discovery of a mechanism for climate
shifts based on the interaction of major climate modes.

3 Interaction between subsystems

One of the most important events in recent climate his-
tory is the climate shift in the mid-1970s (Graham, 1994).
In the Northern Hemisphere 500-hPa atmospheric flow, the
shift manifested itself as a collapse of a persistent wave-3
anomaly pattern and the emergence of a strong wave-2 pat-
tern. The shift was accompanied by sea-surface temperature
(SST) cooling in the central Pacific and warming off the coast
of western North America (Miller et al., 1994). The shift
brought sweeping long-range changes in the climate of the
Northern Hemisphere. Incidentally, after the dust settled, a
new long era of frequent El Niño events superimposed on
a sharp global temperature increase begun. While several
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“Backbone”	  of	  Climate	  Network	  
•  Threshold	  Mutual	  InformaHon	  	  

	  [Donges	  et	  al.,	  EPL	  ‘09]	  	  

-‐  Surface	  Air	  Temperature	  (SAT)	  

•  Betweenness	  centrality	  
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Fig. 1: (Colour on-line) a) BC for the NCEP/NCAR reanalysis
SAT MI network, and b) for the HadCM3 SAT network.
Both networks are constructed at edge density ρ= 0.005 using
MI. c) A schematic map of global surface ocean currents,
after [16]. Note that some features of the backbone in a) and
b) correspond closely to ocean surface currents shown in c),
e.g., the Alaska, Peru and Canary currents.

These observations can be understood considering the
strong coupling between sea surface temperature (SST)
and SAT over the ocean via heat flux. Temperature anom-
alies in SST are advected by the surface ocean currents
and transfered to the SAT field via heat flux coupling.

Betweenness difference (log10)

Fig. 2: (Colour on-line) Normalized difference field ∆BCv =
|BCPv −BC

M
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M
w ⟩w of BC fields BC

P
v and

BCMv , respectively calculated from PC and MI HadCM3 SAT
climate networks at ρ= 0.005.

Therefore, ocean currents provide a physical mechanism
for the transport of energy together with dynamical infor-
mation on localized linear structures over large distances.
However, no clear traces of the strong western boundary
currents (WBCs) such as the Gulf Stream or the Kuroshio
are visible in the backbone structure (fig. 1(b)). This might
be due to the fact, that WBCs are much narrower than the
eastern boundary currents discussed above [15], so that
the effect of WBCs is not resolved by the grid underly-
ing the HadCM3 climate network (see table 1). Note that
using higher-resolution reanalysis data (fig. 1(a)) and SAT
data taken from the AOGCM ECHAM5 [12], we find that
our method does indeed detect WBCs. Here it should be
pointed out again that we are analyzing the SAT field,
hence purely atmospheric effects, e.g., planetary waves,
also contribute to the BC field and might explain some of
its wave-like features, particularly over land.
Backbone structures are not seen in fields of the comple-

mentary random walk betweenness [17] which measures
diffusive flow in a network. This further supports our
argument that shortest path betweenness (BC) measures
convective energy flow in a spatially extended network and
is consistent with extremalization principles of physics,
e.g., the Hamiltonian principle, interpreted within a graph
theoretical framework.
To exclude the possibility that the observed backbone

structures over the ocean might be simply due to local
anomalies in the SST-SAT gradient caused by surface
currents, we have calculated the gradient field from the
model run that we used to construct the HadCM3 climate
network, and found that the SST-SAT gradient and BC
are not correlated (fig. 3). Furthermore, the backbone
is neither seen in fields of degree nor closeness central-
ity [8,14], while BC statistically shows some correlation
with these centrality measures (fig. 4). Nevertheless there
is a notable tendency of high BC vertices to have a small
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for the transport of energy together with dynamical infor-
mation on localized linear structures over large distances.
However, no clear traces of the strong western boundary
currents (WBCs) such as the Gulf Stream or the Kuroshio
are visible in the backbone structure (fig. 1(b)). This might
be due to the fact, that WBCs are much narrower than the
eastern boundary currents discussed above [15], so that
the effect of WBCs is not resolved by the grid underly-
ing the HadCM3 climate network (see table 1). Note that
using higher-resolution reanalysis data (fig. 1(a)) and SAT
data taken from the AOGCM ECHAM5 [12], we find that
our method does indeed detect WBCs. Here it should be
pointed out again that we are analyzing the SAT field,
hence purely atmospheric effects, e.g., planetary waves,
also contribute to the BC field and might explain some of
its wave-like features, particularly over land.
Backbone structures are not seen in fields of the comple-

mentary random walk betweenness [17] which measures
diffusive flow in a network. This further supports our
argument that shortest path betweenness (BC) measures
convective energy flow in a spatially extended network and
is consistent with extremalization principles of physics,
e.g., the Hamiltonian principle, interpreted within a graph
theoretical framework.
To exclude the possibility that the observed backbone

structures over the ocean might be simply due to local
anomalies in the SST-SAT gradient caused by surface
currents, we have calculated the gradient field from the
model run that we used to construct the HadCM3 climate
network, and found that the SST-SAT gradient and BC
are not correlated (fig. 3). Furthermore, the backbone
is neither seen in fields of degree nor closeness central-
ity [8,14], while BC statistically shows some correlation
with these centrality measures (fig. 4). Nevertheless there
is a notable tendency of high BC vertices to have a small
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OscillaHons,	  TeleconnecHons,	  Dipoles	  

•  Crucial	  for	  understanding	  the	  climate	  system	  	  
•  Causes	  temperature	  and	  precipitaHon	  anomalies	  worldwide	  

111	  
[van	  Loon	  et	  al.,	  MWR’78;	  Wallace	  et	  al.,	  MWR’81;	  von	  Starch	  et	  al.,’02;	  Walker,	  MIMD	  ‘23]	  

Credit:	  S.	  Albers	  

Several	  oscillaHons:	  ENSO	  (El	  Nino	  Southern	  OscillaHon),	  NAO	  (North	  AtlanHc	  
OscillaHon),	  AO	  (ArcHc	  OscillaHon),	  AAO	  (AntarcHc	  OscillaHon),	  AMO	  (AtlanHc	  MulHdecadal	  
OscillaHon),	  PDO	  (Pacific	  Decadal	  OscillaHon),	  MJO	  (Madden-‐Julian	  OscillaHon),	  IOD	  (Indian	  
Ocean	  Dipole),	  PNA	  (Pacific-‐North	  American	  Pakern),	  …	  



Southern	  OscillaHon	  Index:	  SOI	  
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•  Sea	  Level	  Pressure	  (SLP)	  difference:	  TahiH	  and	  Darwin	  
–  Air	  pressure	  fluctuaHons	  between	  east	  and	  west	  tropical	  Pacific	  

•  Smoothed	  Hme	  series	  of	  SOI	  and	  ENSO	  	  
–  NegaHve	  SOI:	  warm	  ocean	  waters,	  El	  Nino	  episodes	  
–  PosiHve	  SOI:	  cold	  ocean	  waters,	  La	  Nina	  episodes	  

Credit:	  V.	  Kumar	  

CorrelaHon	  of	  land	  temperature	  
anomalies	  with	  SOI	  



North	  AtlanHc	  OscillaHon:	  NAO	  
•  Pressure	  difference	  in	  north	  AtlanHc	  
•  NAO	  affects	  the	  northern	  hemisphere	  

–  PosiHve	  NAO:	  High	  pressure	  over	  east	  US,	  west	  Europe	  
•  High	  temp	  over	  east	  US,	  north	  Europe,	  low	  temp	  in	  Greenland	  
•  Oten,	  low	  temp	  in	  south	  Europe,	  Middle	  East	   CorrelaHon	  of	  land	  temperature	  

anomalies	  with	  NAO	  

Credit:	  V.	  Kumar	  
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Consistency	  in	  space	  and	  ;me	  is	  key	  
to	  reduce	  the	  search	  space	  

Pair-‐wise	  correlaHons	  (locaHons	  >	  5000	  km	  apart)	  

Automated	  Discovery	  of	  Dipoles	  	  
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Pair-‐wise	  correlaHons	  (~10000	  locaHons)	  	  

[Kawale	  et	  al.,	  SDM	  ’11;	  Steinbach	  et	  al.,	  KDD	  ’03]	  	  Credit:	  V.	  Kumar	  



AutomaHc	  Discovery	  of	  Dipoles	  

•  DetecHon	  of	  Global	  Dipole	  Structures	  
•  Most	  known	  dipoles	  discovered	  
•  Some	  `new’	  dipoles:	  Previously	  unknown	  phenomenon?	  
•  A	  new	  dipole	  near	  Australia	  [Liess	  et	  al.,	  J	  Clim’14]	  
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Credit:	  V.	  Kumar	  



“Sparse”	  StaHsHcal	  Dependencies	  

6x

5x

1x

7x

4x

8x

3x

2x

Graph	  of	  staHsHcal	  dependencies:	  ó	  	  
•  Example:	  X1	  X6	  	  |	  	  X2,X3,X4,X5,X7,X8	   	  	  	  	  	  	  
•  CondiHonal	  independence::	  X6	  has	  no	  explicit	  influence	  on	  X1	  
•  Knowing	  (X2,X7)	  is	  sufficient	  to	  (staHsHcally)	  characterize	  X1	  
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Approaches:	  CorrelaHon,	  Mutual	  InformaHon	  
•  Simple	  dependency	  structure	  	  	  

•  Why	  correlaHon	  will	  not	  work	  
–  X2,	  X3	  can	  be	  (strongly)	  correlated:	  Corr(X2,X3)	  ≠	  0	  
–  CorrelaHon	  does	  not	  capture	  condiHonal	  independence	  

•  Why	  Mutual	  InformaHon	  (MI)	  will	  not	  work	  
–  Marginalizing	  X1	  makes	  (X2,X3)	  dependent	  
–  In	  general,	  p(X2,X3)	  will	  not	  factorize:	  MI(X2,X3)	  ≠	  0	  

•  CondiHonal	  MI	  (CMI)	  will	  work,	  but	  difficult	  
–  	  X2,	  X3	  are	  condiHonally	  independent:	  MI(X2,X3|X1)	  =	  0	  
–  Infeasible	  in	  high-‐dimensions:	  ExponenHally	  many	  CMI	  computaHons	  

1x

2x 3x

2x 3x
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RelaHonship	  Between	  OscillaHons	  	  
	  
	  Ques;on:	  [Ebert-‐Uphoff	  et	  al.,	  J	  Clim	  ’12]	  

	  Causal	  relaHonships	  between	  the	  four	  modes?	  
	  
WPO	  	  	  	  =	  	  	  Western	  Pacific	  OscillaHon	  
EPO 	  	  	  	  =	  	  	  Eastern	  Pacific	  OscillaHon	  
PNA 	  	  	  	  =	  	  	  Pacific	  North	  America	  Pakern	  	  
NAO 	  	  	  	  =	  	  	  North	  AtlanHc	  OscillaHon	  
	  
Data:	  
• 	   NCEP-‐NCAR	  reanalysis	  data,	  1950-‐2011	  
•  	   Daily	  500	  mb	  geopotenHal	  height	  for	  all	  four	  modes	  (Oct-‐Mar)	  
	  
Results:	  
•  Most	  links	  consistent	  with	  mechanisms	  in	  literature.	  	  
•  Some	  Hme	  scales	  are	  new.	  
•  One	  new	  link:	  	  NAO	  à	  PNA	  	  (with	  3-‐6	  days	  lag)	  
	  
	  
	  
	  
	  

	  
	  

Credit:	  I.	  Ebert-‐Uphoff	  

118	  



Trends:	  Now	  vs.	  Future	  
a)	  1950-‐2000	  observed	  
(NCEP-‐NCAR	  reanalysis)	  

b)	  CCSM4	  model	  data	  
Years:	  1950-‐2000	  

c)	  CCSM4	  model	  data	  
Years:	  2050-‐2100	  

Difference	  :	  	  c)	  –	  b)	  

	  

Observa;ons:	  	  In	  warmer	  climate	  	  [Deng	  et	  al.,	  GRL’14]	  
•  InformaHon	  flow	  diminishes	  (hubs	  disappear)	  
•  Remaining	  hubs	  move	  poleward	  
	  
Literature:	  	  Mid-‐laHtude	  storm	  tracks	  	  
•  Move	  poleward	  in	  warming	  climate	  

Credit:	  I.	  Ebert-‐Uphoff	  
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Combining	  GCMs:	  SpaHal	  MulH-‐task	  Learning	  

Tasks:	  South	  America	  
regional	  temperature	  	  Source:	  UCAR/NCAR	  
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Dependency	  between	  
different	  regions	  (tasks)	  

Global	  Climate	  Models	  (GCMs)	  

Combining	  GCM	  outputs	  as	  MulH-‐task	  learning	  
•  Tasks:	  Climate	  model	  weights	  for	  a	  region	  
•  Task	  based	  regularizaHon	  

•  Model	  weights	  on	  related	  tasks	  should	  be	  similar	  
•  Task	  is	  a	  locaHon:	  Which	  locaHons	  are	  related?	  
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MulH-‐Task	  Sparse	  Structure	  Learning	  
•  Combining	  GCMs	  in	  each	  locaHon	  is	  a	  task	  t	  	  

–  Linear	  model	  for	  each	  locaHon	  (task)	  t,	  yt	  =	  Xt	  wt	  +	  et	  

–  Joint	  error	  [et]	  over	  all	  locaHons	  (tasks)	  is	  Gaussian	  	  
	  

•  Sparse	  precision	  matrix	  for	  spaHal	  Gaussian	  
–  Non-‐zero	  entries	  of	  precision	  reveal	  task	  relaHonships	  

•  Residual	  MulH-‐task	  Sparse	  Structure	  Learning	  (r-‐MSSL)	  
–  Muli-‐task	  Graphical	  Lasso:	  EsHmate	  both	  W	  =	  {wt}	  and	  Ө	  
	  	  	  	  	  	  [Goncalves	  et	  al.,	  CIKM	  ‘14]	  
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Dependency:	  Temperature	  in	  South	  America	  
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Dependency:	  Temperature	  in	  South	  America	  
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RMSE	  Comparison:	  r-‐MSSL	  vs	  Baselines	  

	  1.621	  
(±0.020)	  

	  1.410	  
(±0.037)	  

	  0.780	  
(±0.039)	  
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Challenges	  for	  SpaHotemporal	  Analysis	  
•  Predictability	  

–  Nonlinear	  dynamics,	  chaos	  	  
–  EsHmate	  predictability	  before	  building	  models	  

•  Influences	  over	  space,	  Hme	  
–  Non-‐staHonary,	  non-‐linear	  dependencies,	  superposiHon	  effects	  
–  Many	  possible	  predictors,	  different	  scales	  

•  Long-‐range	  dependencies,	  feedbacks,	  memory	  
–  SpaHal	  teleconnecHons,	  e.g.,	  pressure	  dipoles	  	  
–  Temporal	  dependencies:	  local	  lag,	  long	  memory	  	  

•  SpaHal	  diversity,	  temporal	  trends	  
–  Avoid	  fixed,	  blackbox	  approach	  
–  Interpretable,	  in	  terms	  of	  climate	  processes	  
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AddiHonal	  challenges	  and	  conclusion	  	  
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Challenges	  

•  Climate	  change	  akribuHon	  
–  Dependencies	  on	  external	  forcings	  
–  Beyond	  linear	  models,	  correlated	  noise	  

•  Causal	  discovery	  	  
–  MechanisHc	  understanding	  
–  Chain	  of	  events	  at	  climate	  process	  level	  
–  E.g.,	  Warm	  ocean	  	  	  	  	  	  	  	  forest	  fires	  
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Challenges	  
•  Extreme	  events	  	  

–  Heat	  waves,	  heavy	  precipitaHon	  
–  Droughts,	  floods	  
–  Hurricanes,	  tornadoes	  

•  Behavior	  and	  Trends	  	  
–  Over	  space,	  Hme	  
–  VulnerabiliHes,	  impacts	  

	  
•  Tracking	  changes	  

–  Polar	  ice	  
–  Forest	  cover,	  biodiversity	  
–  Water	  resources	  
–  …	  

128	  Credit:	  S.	  Alur	  

Credit:	  NBC	  News	  



Challenges	  

•  Nonlinear	  dynamics,	  Predictability	  
–  Weather	  vs	  Climate	  	  

•  Few	  days	  vs	  staHsHcs/trends	  	  
–  Predictability	  at	  decadal	  scales	  	  	  

•  Mutual	  informaHon	  I(Xt,Xt+τ),	  large	  τ	  	  

•  Climate	  model	  evaluaHon	  
–  Goal:	  Improve	  ESMs/GCMs	  
–  Skills	  on	  climate	  processes	  
–  Use	  mulHple	  metrics	  
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Challenges	  

•  Machine	  Learning	  for	  Physical	  Processes	  	  
–  Variables	  obey	  physics	  
–  Physics	  guided	  data	  analysis	  
–  RepresentaHon,	  geometry/manifolds,	  …	  
–  Dynamic	  models,	  differenHal	  equaHons,	  …	  
–  …	  	  

130	  

Credit:	  M.	  Brooks	   Credit:	  A.	  de	  La	  Camara,	  et	  al.	  



Conclusion	  

•  Climate	  Change:	  Challenges	  where	  ML	  can	  help	  
–  Paleoclimate:	  The	  past	  
–  Downscaling:	  Local	  climate	  
–  Climate	  model	  ensembles:	  The	  future,	  quanHfy	  uncertainty	  	  
–  Extremes:	  Tail	  behavior,	  impacts	  
–  Space	  and	  Time:	  Complex	  influences	  and	  dependencies	  

•  Many	  more	  challenges:	  Only	  scratched	  the	  surface	  
–  Datasets	  (and	  basic	  tools)	  are	  all	  available	  
–  Work	  with	  a	  domain	  scienHst	  

•  Climate	  InformaHcs	  
–  Small	  but	  growing	  community	  
–  Like	  bioinformaHcs	  in	  the	  early	  days	  
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Resources	  
•  Climate	  InformaHcs:	  www.climateinformatics.org!

–  Links	  to	  resources,	  Climate	  InformaHcs	  workshops,	  online	  community	  

•  Climate	  InformaHcs	  Wiki	  	  
–  Data	  sets	  here:	  

sites.google.com/site/1stclimateinformatics/materials!
	  

•  4th	  InternaHonal	  Workshop	  on	  Climate	  InformaHcs,	  2014	  
	  	  	  	  	  	  www2.image.ucar.edu/event/ci2014!

	  
•  4th	  Workshop	  on	  Understanding	  Climate	  Change	  from	  Data,	  2014	  

www2.image.ucar.edu/event/fourth-climatechange!
	  
•  IPCC	  AR5	  Report:	  www.ipcc.ch/report/ar5/!

•  WCRP	  Grand	  Challenges:	  
www.wcrp-climate.org/grand-challenges!
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