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Summary	
  

•  Data	
  is	
  used	
  in	
  the	
  process	
  of	
  model	
  selec8on.	
  
•  Not	
  all	
  data	
  is	
  important	
  to	
  predic8ons.	
  
•  Most	
  important	
  is	
  to	
  iden8fy	
  how	
  data	
  will	
  
used	
  to	
  test	
  processes	
  and	
  to	
  reduce	
  the	
  
influence	
  of	
  data	
  that	
  is	
  unrelated.	
  



Paleodata:	
  inferences	
  of	
  past	
  climate	
  
change	
  as	
  recorded	
  by	
  fossils	
  	
  

•  Reflects	
  response	
  to	
  known	
  forcings.	
  
•  Provides	
  unique	
  test	
  for	
  climate	
  models	
  …	
  
Gets	
  away	
  from	
  problem	
  of	
  using	
  same	
  data	
  
to	
  test	
  models	
  as	
  was	
  used	
  to	
  develop	
  them.	
  

•  Shows	
  poten8al	
  risks	
  of	
  a	
  changing	
  climate.	
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Models	
  do	
  ok.	
  For	
  this	
  
comparison,	
  models	
  explain	
  
much	
  of	
  what	
  is	
  inferred	
  from	
  
climate	
  change	
  proxies.	
  



(Carolin	
  et	
  al.,	
  	
  2013)	
  

Greenland	
  Ice	
  Core	
  

Chinese	
  Cave	
  Deposits	
  

Borneo	
  Cave	
  Deposits	
  



Paleodata	
  summary	
  

•  Climate	
  models	
  do	
  ok	
  reproducing	
  broad	
  
features	
  of	
  forced	
  climate	
  change.	
  

•  Ques8ons	
  remain	
  concerning	
  the	
  nature	
  of	
  
observed	
  abrupt	
  transi8ons	
  in	
  climate.	
  

•  During	
  the	
  past	
  10	
  kyrs,	
  there	
  appears	
  to	
  be	
  
significant	
  power	
  at	
  millennial	
  8me	
  scales	
  
which	
  can	
  not	
  be	
  cleanly	
  linked	
  to	
  known	
  
forcings	
  (Khider	
  et	
  al,	
  2014).	
  



How	
  observa.ons	
  fit	
  into	
  a	
  Bayesian	
  
probabilis.c	
  framework:	
  

Likelihood	
  test	
  sta8s8c	
  

ppd m | d( )∝ p d |m( ) p m( )
Bayesian	
  inference	
  



Uncertainty	
  of	
  a	
  model	
  es8mate	
  	
  
of	
  a	
  single	
  observa8on	
  

 

d1 = x̂1 + ε x
x̂1 = g m( )  
m =  model parameters
ε x ∼ N 0,σ x( )

p d1 |m( ) = 1
σ x 2π

exp −
x̂1 − d1( )2
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Uncertainty	
  of	
  a	
  model	
  es8mate	
  	
  
of	
  two	
  correlated	
  observa8ons	
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Or	
  expressed	
  with	
  matrix	
  nota8on:	
  



Now	
  consider	
  the	
  chi-­‐squared	
  	
  
test	
  sta8s8c	
  

 

χ 2 ∼
x − x( )2
σ 2

i=1

k

∑
χ 2 = k

var χ 2( ) = 2k

The	
  sum	
  of	
  k	
  independent	
  normal	
  random	
  variables	
  

Sampling	
  from	
  the	
  likelihood	
  distribu8on	
  provides	
  a	
  measure	
  of	
  those	
  
choices	
  of	
  m	
  that	
  are	
  consistent	
  with	
  the	
  data	
  given	
  the	
  uncertain8es	
  
in	
  the	
  data	
  and	
  the	
  effec8ve	
  degrees	
  of	
  freedom	
  in	
  the	
  data	
  in	
  the	
  
same	
  way	
  that	
  the	
  chi-­‐squared	
  sta8s8c	
  tests	
  a	
  null	
  hypothesis.	
  



So	
  the	
  uncertainty	
  
in	
  the	
  slope	
  and	
  
intercept	
  when	
  
ficng	
  a	
  line	
  through	
  
a	
  set	
  of	
  points	
  
depends	
  on	
  the	
  
number	
  of	
  points,	
  
and	
  whether	
  all	
  the	
  
errors	
  in	
  the	
  data	
  
are	
  independent	
  or	
  
not.	
  

y = ax + b



Probabilis8c	
  framework	
  summary	
  
•  Climate	
  data	
  affects	
  uncertain8es	
  through	
  a	
  test	
  
sta8s8c	
  that	
  is	
  incorporated	
  within	
  the	
  likelihood	
  
func8on.	
  

•  Test	
  sta8s8cs	
  involve	
  “degrees	
  of	
  freedom”	
  
which	
  is	
  a	
  measure	
  of	
  the	
  independent	
  bits	
  of	
  
informa8on.	
  

•  Major	
  challenges	
  remain	
  in	
  knowing	
  how	
  to	
  
represent	
  dependencies	
  that	
  exist	
  within	
  the	
  
data	
  we	
  use	
  to	
  test	
  the	
  representa8on	
  of	
  climate	
  
phenomena.	
  



Irreducible	
  error	
  
•  Refers	
  to	
  the	
  gap	
  that	
  exists	
  between	
  a	
  model	
  
and	
  data	
  that	
  no	
  amount	
  of	
  tuning	
  will	
  eliminate.	
  

•  Some8mes	
  referred	
  to	
  as	
  “structural	
  error”	
  or	
  
“model	
  discrepancy”.	
  

•  Has	
  the	
  poten8al	
  to	
  throw	
  off	
  model	
  calibra8on,	
  
producing	
  good	
  results	
  for	
  the	
  wrong	
  reasons.	
  

	
  	
  



Grid-­‐search,	
  no	
  rejec8ons,	
  	
  
no	
  weigh8ng	
  



Distance between different reanalysis products is similar 
in size to any model and those products. 



June – July model discrepancies with reanalysis data 



June – July NCEP  discrepancies with ERA40 



June – July NCEP discrepancies with ERA40 



 

d1 = x̂1 + ε x +δ x

x̂1 = g m( )  
δ x ∼ N µx ,σδ( )  i.e. use Gaussian Process Model

ε x ∼ N 0,σ x( )

p d1 |m( ) = 1
σ x 2π

exp −
x̂1 − d1 −δ x( )2

2σ x
2

⎛

⎝
⎜

⎞

⎠
⎟

What to do about it? 
 
Option 1: Add a discrepancy term to likelihood which is an additional unknown. 
(Brynjarsdottir and O’Hagan 2014) … very readable summary paper.  



 

d1 = x̂1 + ε x
x̂1 = g m( )  

ε x ∼ N 0, 1
S
σ x

2⎛
⎝⎜

⎞
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S ∼ gamma α ,β + E m( )( )
E m( ) = cost function (i.e. log-likelihood)

p d1 |m( ) = 1
σ x 2π

exp −
S x̂1 − d1( )2

2σ x
2
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What to do about it (2)? 
 Option 2: Scale the variance. (Jackson et al., 2007) 



Hierarchical Bayes strategy  
to add in “hyper” parameter S 

Jackson et al. 2007 





Brynjarsdottir and O’Hagan (2014) 
“Learning about physical parameters: 
The importance of model discrepancy” 

Predictions of True process at x=6 (extrapolation) 

Example about discrepancy term 
using Gaussian Process Modeling 
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Prior samples of discrepancy using Gaussian Process 

“In order to obtain a realistic extrapolation we need realistic prior 
information about δ ( · ), both in the range of the data and out to the 
control variable values that we wish to predict.” 



Calibration of CAM3.1 

•  Jackson et al. 2007 and Jackson 2009 
•  Despite significant “irreducible errors” get 

reasonable calibration results. 
– Model can not get all observations well at the 

same time. 
– Region calibration selected was “in the 

middle” of competing constraints and similar 
to where experts had wanted parameters 
values to be.  



Calibra.on	
  of	
  15	
  parameters	
  of	
  CAM3.1	
  using	
  11	
  observa.onal	
  
products.	
  

default	
  
secng	
  	
  

ALFA	
   TAU	
   Ke	
  

RHMINH	
   RHMINL	
   c0	
  

Calibra8on	
  selects	
  reasonable	
  parameter	
  values	
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Result	
  summary	
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  parameters	
  affect	
  model	
  skill	
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Jackson 2009 
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Jackson 2009 



Irreducible	
  error	
  summary	
  
•  Major	
  problem	
  for	
  us.	
  
•  Seems	
  hopeless	
  to	
  formulate	
  problem	
  with	
  a	
  
discrepancy	
  term	
  that	
  predicts	
  how	
  errors	
  
evolve	
  with	
  future	
  climate.	
  

•  However	
  calibra8on	
  examples	
  seem	
  to	
  
produce	
  reasonable	
  results	
  rela8ve	
  to	
  expert	
  
opinion.	
  	
  

•  Clearly	
  an	
  area	
  of	
  study	
  that	
  needs	
  more	
  
aeen8on.	
  



Emergent	
  constraints	
  
•  An	
  emergent	
  constraint	
  can	
  be	
  used	
  to	
  
es8mate	
  errors	
  in	
  climate	
  predic8ons	
  using	
  
only	
  informa8on	
  about	
  the	
  errors	
  in	
  
simula8ng	
  modern	
  climate.	
  

•  Important	
  as	
  a	
  way	
  of	
  establishing	
  credibility	
  
of	
  climate	
  model	
  projec8on	
  informa8on.	
  	
  

•  Not	
  clear	
  that	
  we	
  have	
  found	
  any	
  (see	
  next	
  
slide)	
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Emergent	
  constraints	
  of	
  CMIP	
  Archive	
  
Fasullo	
  and	
  Trenberth	
  2012	
   Sherwood	
  et	
  al.,	
  2014	
  

It	
  has	
  been	
  extremely	
  difficult	
  to	
  iden8fy	
  what	
  observables	
  
maeer	
  to	
  climate	
  sensi8vity.	
  



Single	
  model	
  predictors	
  

Use	
  Bayesian	
  inference	
  and	
  stochas8c	
  sampling	
  to	
  
iden8fy	
  plausible	
  alterna8ves	
  to	
  the	
  standard	
  
CAM3.1	
  configura8on.	
  Determine	
  what	
  observables	
  
predict	
  its	
  sensi8vity.	
  Try	
  predictors	
  on	
  CMIP5	
  
archive.	
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Likelihood	
  test	
  sta8s8c	
  

Bayesian	
  expression	
  for	
  observa8onal	
  
constraints	
  on	
  parameter	
  value	
  selec8on	
  

	
  



Generate	
  an	
  ensemble	
  of	
  plausible	
  
CAM3.1	
  parameter	
  sets	
  

•  Select	
  15	
  parameters	
  important	
  to	
  clouds,	
  convec8on,	
  
and	
  radia8on	
  in	
  CAM3.1	
  

•  Use	
  Markov	
  Chain	
  Monte	
  Carlo	
  sampling	
  to	
  es8mate	
  
uncertainty	
  distribu8ons	
  
•  Sampling	
  strategy:	
  Mul8ple	
  Very	
  Fast	
  Simulated	
  

Annealing	
  (MVFSA)	
  (Jackson	
  et	
  al.,	
  2004)	
  	
  
•  3336	
  4-­‐year	
  long	
  integra8ons	
  to	
  es8mate	
  15	
  

dimensional	
  joint	
  probability	
  distribu8on	
  
•  Select	
  180	
  ensemble	
  members	
  that	
  represent	
  

uncertainty	
  
•  Couple	
  CAM3.1	
  to	
  a	
  slab	
  ocean	
  model	
  and	
  es8mate	
  

response	
  to	
  2x	
  CO2	
  



NCAR	
  Top	
  “10	
  +”	
  observa8onal	
  constraints	
  

	
  (Seasonal	
  means,	
  30S	
  to	
  30N,	
  unless	
  noted	
  otherwise)	
  
	
  1.	
  	
  	
  	
  Land	
  2-­‐m	
  air	
  temperature	
  (Willmoe)	
  
2.	
  	
  	
  	
  Ver8cally	
  averaged	
  air	
  temperature	
  (ERA40)	
  
3.	
  	
  	
  	
  Latent	
  heat	
  fluxes	
  over	
  ocean	
  (WHOI)	
  
4.	
  	
  	
  	
  Zonal	
  winds	
  at	
  300	
  mb	
  (ERA40)	
  
5.	
  	
  	
  	
  Longwave	
  cloud	
  forcing	
  (CERES2)	
  
6.	
  	
  	
  	
  Shortwave	
  cloud	
  forcing	
  (CERES2)	
  
7.	
  	
  	
  	
  Precipita8on	
  over	
  land	
  (GPCP)	
  
8.	
  	
  	
  	
  Precipita8on	
  over	
  ocean	
  (GPCP)	
  
9.	
  	
  	
  	
  Sea	
  level	
  pressure	
  (ERA40)	
  
10.	
  	
  Ver8cally	
  averaged	
  rela8ve	
  humidity	
  (ERA40)	
  
11.	
  	
  Global	
  mean	
  annual	
  mean	
  radia8ve	
  balance	
  (=	
  0.5	
  W/m2)	
  
	
  12.	
  	
  Pacific	
  ocean	
  wind	
  stress	
  along	
  equator	
  





	
  parameter	
  distribu.ons	
  

default	
  
secng	
  	
  

ALFA	
   TAU	
   Ke	
  

RHMINH	
   RHMINL	
   c0	
  



Global	
  Mean	
  Temperature	
  aper	
  doubling	
  CO2	
  

Equilibrium	
  Climate	
  Sensi.vity	
  
N
um

be
r	
  o

f	
  e
xp
er
im

en
ts
	
  

2.7	
  

165	
  samples	
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Haeab	
  et	
  al.	
  2015	
  (in	
  prep)	
  Created	
  a	
  regression	
  
model	
  to	
  iden8fy	
  what	
  errors	
  maeer	
  to	
  CAM3.1	
  
predic8ons.	
  	
  

Climate	
  Sensi.vity	
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Spectacular	
  failure	
  

Use	
  maps	
  to	
  predict	
  climate	
  sensi8vity	
  of	
  CMIP5	
  
archive.	
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Interpreta8on	
  of	
  failure	
  
•  CAM3.1/slab	
  ocean	
  model	
  is	
  not	
  like	
  other	
  
models	
  within	
  CMIP5	
  archive.	
  	
  

•  Parameter	
  perturba8ons	
  within	
  CAM3.1	
  do	
  
not	
  create	
  structures	
  that	
  can	
  be	
  useful	
  to	
  
predict	
  other	
  models.	
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Ques8ons?	
  


